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ABSTRACT 
 
 The energy future of the United States is likely to include a large number of 
traditional and alternative energy sources and technologies.  Fast pyrolysis has been 
identified as one of the alternative energy conversion processes that could play a role in 
this energy future.  Fast pyrolysis produces solid (biochar), liquid (bio-oil), and gaseous 
products (syngas).  Bio-oil is the main component (up to 80%) and has a number of 
potentially useful applications.  Bio-oil composition is complex and is related to cell 
wall composition, as compounds in the bio-oil derive from the individual cell wall 
components cellulose, hemicelluloses, and lignin. 
 While a variety of different pyrolysis reactor technologies and biomass types 
have been explored, relatively little attention has been paid to the amount of variation 
within a single type of biomass.  The goals of this research were to compare distribution 
of bio-oil compounds for maize cobs and stover, determine if there is significant 
variation for bio-oil compounds among different maize genotypes, identify quantitative 
trait loci (QTL) for bio-oil compounds, and discuss the implications of results for 
breeding dual purpose maize.  To address these questions, we used pyrolysis/gas-
chromatography-mass spectrometry (Py/GC-MS) to convert maize stover and cobs to 
bio-oil (Py), and separate (GC), detect and measure (MS) bio-oil compounds.  Py-GC-
MS allows a high sample throughput (20/day) required for disciplines such as plant 
breeding.  Variation for 26 bio-oil compounds is explored in maize cobs and stover 
amongst five near isogenic hybrids with four hybrids each carrying one brown midrib 
viii 
mutation (bm1-bm4) (Chapter 3).  A more diverse set of 10 maize hybrids is used to 
further explore this variation (Chapter 5).  Quantitative trait loci (QTL) are identified in 
the intermated B73 x Mo17 (IBM) Syn4 population for ten bio-oil compounds and 
compared to the QTL literature for other cell wall related traits (Chapter 4).  A 
discussion for the implications of our finding in regards to breeding implications for dual 
purpose maize is also included in Chapter 4.  It is very likely that bio-oil quality and 
yield can be improved via plant breeding, which would help contribute to making bio-oil 
production and use more economically appealing.   
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CHAPTER 1.  INTRODUCTION 
Lignocellulosic biomass is a low cost and abundant feedstock found in 
agricultural residues (like corn stover), forestry residues, industrial waste, or grown as 
dedicated energy crops (e.g. switchgrass and miscanthus).  Ethanol from starch is 
currently the most abundant renewable fuel produced in the United States (Gowen and 
Fong 2010).  However, ethanol has shortcomings such as low volumetric energy density 
and incapability with much of the nation’s fuels infrastructure (Connor and Atsumi 
2010, Solomon 2010).  Thermochemical processing of biomass provides interesting 
alternatives to cellulosic ethanol via enzymatic hydrolysis. In particular, fast pyrolysis of 
biomass, followed by catalytic upgrading of the resulting bio-oil into synthetic gasoline 
and diesel, has none of the disadvantages of ethanol.   
The optimal plant ideotype for thermochemical conversion likely differs 
substantially from that for biochemical conversion.  In particular, increased levels of 
cell-wall lignification and low levels of alkali metals content seem to be beneficial for 
fast pyrolysis (Fahmi et al. 2008).  Moreover, high lignin varieties would provide 
additional added value to farmers, as increased cell wall lignification provides both 
increased crop stability and insect resistance (Coors 1987, Barrière et al. 2007).  It will 
be possible to identify genome regions and candidate genes affecting bio-oil quality 
which can then be used to derive molecular markers for use in a breeding program for 
improving bio-oil quality resulting from the fast pyrolysis of corn stover. 
It has been forecast that oil reserves could be depleted as soon as 2050 (Dhugga 
2007).  Biofuels have been identified as a promising alternative to current petroleum 
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derived products.  The Energy Policy Act of 2005 created the first federal standard that 
required larger volumes of ethanol and biodiesel in the United States fuel supply.  In 
2007, The Energy Independence and Security Act amended (increased) these standards.  
The Renewable Fuels Standard (RFS) Schedule created (and updated) by these acts is 
below in Table 1. 
 
Conversion Technologies 
Conventional biofuel is currently the most used biofuel and is classified as 
ethanol made from corn starch (Lange 2007).  Gasoline blended with ethanol is common 
in many places, including Iowa.  The largest increases in the RFS schedule come from 
advanced biofuels, which are defined as any renewable fuel that is not corn starch 
derived ethanol and has lifecycle greenhouse gas emissions 50% below “baseline.”  For 
example, to be labeled biomass-based diesel, the fuel has to have greenhouse emissions 
that are at least 50% less than those of petroleum based diesel.  The term advanced 
biofuels refers to a number of fuels and includes ethanol made from lignocellulosic 
materials, sugar, starch (but not corn starch), or waste materials; biomass-based diesel; 
biogas produced from renewable biomass; butanol or other alcohols produced from 
renewable biomass; or other fuels produced from renewable lignocellulosic (organic 
matter composed of lignin, cellulose, and hemicelluloses) materials.  Cellulosic biofuels 
are fuels that are derived from lignocellulosic materials that reduce lifecycle greenhouse 
gas emissions by at least 60% when compared to “baseline.”   Amongst these advanced 
and cellulosic biofuels, a number of technologies have been identified to help address 
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the energy problem.  These can be broken down into three general categories: thermal, 
biological, and mechanical conversion (Bridgwater 2007).  A variety of products for a 
multitude of uses can be produced through these conversion technologies (summarized 
in Figure 1).  
 
Table 1. Renewable Fuels Standard (RFS) schedule.  Table from 
(http://www.ethanol.org/index.php?id=78&parentid=26#Renewable%20Fuels%20Stand
ard) 
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Figure 1.  General categories of biofuel conversion, the processes within these 
categories, the products that can be created from these processes, and the markets for 
these products (reproduced from Bridgwater 2007 with permission from author and 
Global Science Books Ltd.). 
 
Biological Conversion 
Ethanol is the most common product resulting from biological conversion.  
Depending on the starting material and conversion process, ethanol can be categorized as 
an advanced or cellulosic biofuel.  In addition, a number of factors that can be difficult 
to estimate contribute to determining the reduction of greenhouse gases (which 
distinguish between advanced and cellulosic biofuels).  These include: ethanol 
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coproducts, net energy ratios, and agricultural practices.  Analyses are also sensitive to 
assumptions on parameter values.  Nevertheless, ethanol made from lignocellulosic 
materials is thought to reduce greenhouse gas emissions by 80% or more (Farrell et al. 
2006, Solomon 2010), and would, therefore, qualify as a cellulosic biofuel.   
There are four steps in the traditional ethanol production process: pretreatment, 
enzymatic hydrolysis, fermentation, and post processing procedures.  The goal of 
pretreatment is to increase the access to cellulose and other polysaccharides for the 
hydrolysis step (Houghton et al. 2006).  After pretreatment, the hydrolysis step uses 
enzymes to break down cellulose and hemicelluloses into free sugars.  Large amounts of 
enzyme are required in this step in order to achieve the efficiency necessary in a high 
volume process (Houghton et al. 2006).  The amount and cost of enzymes is the largest 
barrier to producing inexpensive ethanol.  After hydrolysis, free sugars are converted 
into ethanol via microbes or synthetic catalysts.  Additional steps (purification, 
separation, etc.) are then required for the ethanol to meet fuel standards.   
 
Thermal Conversion Processes 
Pyrolysis is a process that has been used for many years to create products like 
charcoal and dates back thousands of years.  Pyrolysis can convert any organic matter 
into fuels, and can, therefore, also be classified as an advanced or cellulosic fuel, 
depending on the material converted.  Most commonly, pyrolysis converts 
lignocellulosic materials (such as corn stover, cobs, or forestry waste) into usable fuels.  
The process of pyrolysis involves heating organic matter to temperatures above 400°C in 
6 
the absence of oxygen and yields a gas and a solid (biochar).  Upon the cooling of the 
gas, polar and high molecular weight compounds form a liquid phase (bio-oil), while 
volatile and low molecular weight compounds remain in the gas phase (syngas).  Syngas 
is mainly composed of H2 and CO, but also includes CH4, CO2, H2O, and several other 
low molecular weight organic volatiles (Ioannidou et al. 2009).  Bio-oil is composed of 
between 10 and 50% water (depending on the feedstock used) and of as many as 300 
compounds classified as organic acids, alcohols, aldehydes, carbohydrates, phenols, and 
lignin derived oligomers (Laird et al. 2009).  The char is composed of hydrogen, 
inorganics, and elemental carbon. 
Gasification is a process that operates at a higher temperature level (800 to 
1200°C) and typically includes a small amount of oxygen at a controlled level.  
Gasification can produce very high yields of syngas (up to 95%).   
 
Pyrolysis Types 
Slow pyrolysis, which heats the biomass to >400°C slowly, typically yields 
around 35%, 35%, and 30% of biochar, syngas, and bio-oil, respectively (Goyal et al. 
2008).  Flash pyrolysis involves heating the biomass under high pressure in the absence 
of oxygen in order to maximize char yield (around 60%).  Fast pyrolysis involves 
heating the biomass to temperatures of around 500°C, with a high heating rate and a low 
residence time, and seeks to obtain high liquid yields (up to 75%). 
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Fast Pyrolysis 
Of the thermal processes, fast pyrolysis may be the most promising in terms of 
economic feasibility due to its high liquid yields.  The liquid fraction of bio-oil has a 
wide variety of uses.  Bio-oil can be burned for energy, refined for use as a 
transportation fuel, separated for a wide variety of specialty chemicals, or used as a 
preservative, among others.  While bio-oil can be stored and transported more easily 
than ethanol, there are several major hurdles that need to be addressed.  The large 
amount of water (up to 50%) in bio-oil, depending on the biomass used, can cause 
stability issues in storage that may require additional additives.  Moreover, bio-oil is 
highly acidic (pH 2-3) due to the large levels of acetic, formic, and propanoic acids 
produced in the process.  This acidity prevents bio-oil from being used directly in 
engines and can cause storage issues (Czernik and Bridgwater 2004). 
 
Biomass Composition for Lignocellulosic Fuels 
The primary constituents of the plant cell wall (cellulose, hemicelluloses, and 
lignin) play an integral role in both biological and thermal conversion processes.  For 
ethanol production, cellulose (and in some cases hemicelluloses) get broken down into 
sugars and fermented into ethanol, while lignin has been shown to have a significant 
negative effect on ethanol yield with only a modest rise in lignin content (Chen and 
Dixon 2007).  Lignin is a polymer composed of phenylpropane units.  Hydroxyphenyl, 
guaiacyl, and syringyl units are the building blocks of lignin for which some enzymes 
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(and their genes) have been identified (Boerjan et al. 2003).  Higher amounts of lignin 
lead to lower rates of cellulose digestion in ethanol conversion because lignin limits 
enzyme access to cell wall polysaccharides (Chen and Dixon 2007, Yang and Wyman 
2004, Dien et al. 2006).   
While lignin has been shown to be a negative for the production of ethanol, the 
same is not true for fast pyrolysis.  During the fast pyrolysis process, lignin decomposes 
into phenolic compounds and higher weight oligomers that confer a higher heating value 
to the bio-oil, contribute to higher bio-oil yield, and negatively affect bio-oil stability 
(Amen-Chen et al. 2001, Czernik and Bridgwater 2004, Fahmi et al. 2008, Nowakowski 
et al. 2010).  Cellulose decomposes into sugars and water, which contribute to bio-oil 
yield, while hemicellulose produces a larger amount of char, acids, and gases than 
cellulose (Shen et al. 2010, Oasmaa et al. 2010). 
Changes in lignin content can be engineered (Torney et al. 2007).  Much of the 
research in this area in grasses focused on the brown midrib (bm) mutants.  There are six 
known bm mutants in maize, bm1 through bm6 (Ali et al. 2010).  They resulted from 
natural mutations that behave as single Mendelian recessive alleles and exhibit a reddish 
brown pigmentation in the leaf midrib and stalk pith on the maize plant.  The mutants 
also have a decreased lignin content and increased digestibility, with bm3 exhibiting the 
strongest phenotype and also being the most well studied (Barrière et al. 2004). 
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Lignin Biosynthesis 
 Lignin is composed of three monolignol phenylpropanoid units: p-
hydroxyphenyl (H), guaiacyl (G), and syringyl (S) units.  H, G, and S units are derived 
from separate hydroxycinnamyl alcohols: p-coumaryl, coniferyl, and sinapyl alcohols, 
respectively (Boerjan et al. 2003).  Hardwood lignins are made up of G and S units with 
low levels of H units.  By contrast, softwood lignins have mostly G units with low levels 
of H units.  Grass lignins usually have large amounts of G and S units, with higher H 
unit levels than dicots (Baucher et al 1998).  
To synthesize monolignols, phenylalanine is deaminated into cinnamic acid by 
phenylalanine ammonia lysase.  Cinnamic acid is then hydroxylated by cinnamate 4-
hydroxylase to get PCA.  PCA is then altered by 4-CoA ligase to yield coumaroyl-CoA.  
Several other enzymes are then required to convert coumaroyl-CoA into caffeoyl-CoA 
(hydroxycinnamoyl transferase, quinate hydroxycinnamoyl transferase or shikimate 
hydroxycinnamoyl transferase, p-coumaroyl-shikimate/quinate 3’-hydroxylase, and 
reverse active hydroxycinnamoyl transferase).  Additional steps to create H, G, and S 
units are still under debate, although many of the genes that play a role are known 
(Barrière et al. 2007).  Based on the available data, Barrière et al. (2007) hypothesized 
putative pathways for these units in maize (Figure 2).  Once monolignols have been 
synthesized, they are transported to the cell wall to be added to a growing lignin chain or 
stored for use at a later time.  Monolignol units are added to the growing lignin polymer, 
often at its β-position, during lignification (Boerjan 2003).  This is accomplished through 
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dehydrogenation by a combination of peroxidases, laccases, polyphenol oxidases, and 
coniferyl alcohol oxidase.  The exact role of each of these enzymes is still unclear 
(Önnerud et al. 2002).  In addition, the polymerization of these dehydrogenated 
monolignols is not yet fully elucidated (Boerjan 2003). 
Grass cell walls also contain significant amounts of p-coumaric acids (PCA) and 
ferulic acids.  PCA has been shown to negatively impact cell wall digestibility (Méchin 
et al. 2000).  PCA acylates sinapyl alcohol before it is incorporated into the lignin 
structure (Lu and Ralph 1999).  This pre-acylation may cause the formation of β-β 
condensed bonds, rather than β-O-4 bonds.  Because of this, PCA accumulation is an 
indicator of higher cell wall maturity and S unit content in maize cell walls (Grabber et 
al. 2004).  Ferulic acid also contributes negatively to cell wall digestibility.  Ferulic units 
cross-link G units with non-cellulose polysaccharides.  They accomplish this through 
esterification to polysaccharides and formation of ether bonds with coniferyl alcohol.  
Ferulic acid not only cross-links G units to cell wall polysaccharides, but also establishes 
cross-links between arabinoxylan chains (MacAdam and Grabber 2002, Jung 2003, 
Jacquet et al. 1995, Ralph et al. 1995). 
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Figure 2.  (reproduced from Barrière et al. 2007 with permission from author and 
Inderscience.  Inderscience retains all copyrights of the paper) Putative pathways for 
lignins and ferulic acid biosynthesis in maize and grasses. ALDH: aldehyde 
dehydrogenase; AXXX: arabinoxylan; COMT: caffeic acid O-methyltransferase; 
CCoAOMT: caffeoyl-CoA O-methyltransferase; CCR: cinnamoyl-CoA reductase; CAD: 
cinnamyl alcohol dehydrogenase; C3H: coumarate 3-hydroxylase; C4H: cinnamate 4-
hydroxylase; 4CL: 4-coumarate:coenzyme A ligase; F5H: ferulate 5-hydroxylase; G: 
lignin guaiacyl unit; GT: glucosyl transferase; H: p-hydroxyphenyl lignin unit; HCT: 
hydroxycinnamoyl-CoA transferase; OMT: O-methyl transferase; PAL: phenylalanine 
ammonia lyase; S: syringyl lignin unit; SAD: sinapyl alcohol dehydrogenase. 
 
 
Objectives 
While genetic variation in maize in regards to forage quality, ethanol conversion, 
and cell wall traits has been established (Lorenz et al. 2010, Barrière et al. 2008), little 
attention has been paid to the characterization of genetic variation in maize in regards to 
bio-oil conversion.  In addition, recent studies have found quantitative trait loci (QTL) in 
maize for ethanol conversion, cell wall traits, and forage quality (Lorenzana et al. 2010, 
Truntzler et al. 2010, Barrière et al 2008).  However, QTL have not been established for 
bio-oil compounds resulting from the fast pyrolysis of maize.   The goals of this research 
were to compare distribution of bio-oil compounds for maize cobs and stover, determine 
if there is significant variation for bio-oil compounds among different maize genotypes, 
identify quantitative trait loci (QTL) for bio-oil compounds, and discuss the implications 
of results for breeding dual purpose maize. 
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Summary 
In this chapter, we summarize the available methods for, and current studies in, mapping 
bioenergy related characters in maize with a focus on quantitative inherited traits. 
 
Abstract 
Maize is currently being used to produce starch ethanol.  Two of the processes being 
investigated to produce lignocellulosic fuels from maize are biochemical conversion to 
ethanol and thermochemical conversion to bio-oil.  Here we review some of the research 
that has investigated the genetic that could potentially be employed in improving the 
conversion of maize into lignocellulosic biofuels.  In addition, mapping methods used to 
study bioenergy related traits are summarized. 
 
Keywords 
QTL mapping 
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Introduction 
First generation biofuels, ethanol produced from starch or sugar, are a mature industry in 
the United States, where starch from maize has driven the industry.  Limited availability 
of corn starch can increase prices of food and feed for livestock, particularly in years 
with poor growing conditions like the dry summer of 2012.  Next generation biofuels 
produced from lignocellulosic materials can be produced through two routes: 
biochemical and thermochemical.  Current research indicates that the optimal plant 
ideotype for these conversion platforms differs significantly.  The stalks and leaves left 
behind after harvest of maize, known as stover, have been identified as a promising 
lignocellulosic feedstock for next generation biofuels. 
 
1.0 Biochemical Conversion 
There are four steps in the traditional ethanol production process: pretreatment, 
enzymatic hydrolysis, fermentation, and post processing procedures.  The goal of 
pretreatment is to increase the access to cellulose and other polysaccharides for the 
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hydrolysis step (Wyman et al. 2005).  After pretreatment, the hydrolysis step uses 
enzymes to break down cellulose and hemicelluloses into free sugars.  Large amounts of 
enzymes are required in this step in order to achieve the efficiency necessary in a high 
volume process (Houghton et al. 2006).  The amount and cost of enzymes is the greatest 
barrier to producing inexpensive ethanol.  After hydrolysis, free sugars are converted 
into ethanol via microbes or synthetic catalysts.  Additional steps (purification, 
separation, etc.) are then required to meet fuel standards for ethanol. 
The cell wall, by nature, is resistant to degradation.  Lignin has been shown to have a 
significant negative effect on ethanol yield with only a modest rise in lignin content 
(Chen and Dixon 2007).  This is due to the binding of lignin to cellulose, inhibiting the 
accessibility of enzymes to the cell wall polysaccharides.  The genetic variation available 
in maize has been explored with regard to ethanol production (Lorenz et al. 2009, 2010, 
Lewis et al. 2010).  A large amount of variation for ethanol production traits (stover 
yield and composition, cob yield and composition, theoretical ethanol potential) was 
found among 49 maize cultivars with correlations between traits being mostly favorable.  
Among the 49 cultivars, 25 silage hybrids were analyzed for general and specific 
combining abilities and significant differences were found for all traits analyzed (Lorenz 
et al. 2009).  The results of this study suggest that the amount of biofuels produced from 
the lignocellulosic constituents of maize could be increased using existing genetic 
variation. 
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In 2010, Lewis et al. assessed the feasibility of incorporating stover traits for ethanol 
production into an existing breeding program for yield traits.  They measured the amount 
of glucose in dry stover, the amount of glucose released from the stover after 
pretreatment and saccharification, and lignin content as the stover quality traits.  The 
correlations among the stover quality traits and yield and other agronomic traits were 
neutral or positive.  The authors did not directly measure stover yield, but, through 
estimates, suggest that stover quality traits may be a better target for breeding than stover 
yield for ethanol production. 
2.0 Thermochemical Conversion 
Thermal decomposition of biomass produces gases, liquids (termed bio-oil), and solids 
(char or bio-char).  The yields of these three products depend on the conversion 
technology (which heavily influence process parameters) and biomass used.  Five 
parameters are known to play a role in the final bio-oil quality and quantity: the heating 
rate achieved by the reactor, the final temperature of the reactor, the alkali metal content 
of the biomass, the organic composition of the biomass, and the particle size of the 
biomass (Fahmi et al. 2007).  The amounts of lignin, cellulose, and hemicellulose within 
the biomass are known to play a significant role in the outcome of the bio-oil (Butler et 
al. 2011).  In fast pyrolysis, cellulose is degraded primarily into sugars and water (as 
well as some aldehydes and carboxylic acid) that contribute to the liquid bio-oil product, 
while hemicellulose produces more solids (char) and acids than cellulose (Shen et al. 
2010).  Hemicellulose also contributes a large portion to the gaseous products (Oasmaa 
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et al. 2010).  Lignin degrades into high molecular weight oligomers (Bridgwater and 
Czernik 2004, Fahmi et al. 2008) and into phenolic compounds (Amen-Chen et al. 
2001).  While a higher lignin content gives bio-oil a beneficial higher heating value, it 
also lowers the quality of the bio-oil from a long term stability standpoint (Nowakowski 
et al. 2010; Fahmi et al. 2008). 
 
3.0 The Genetics of the Maize Cell Wall 
Vermerris et al. (2007) identified a number of different genetic methods for improving 
maize for biofuel conversion: utilization of current mutants, development of new 
mutants, evaluation of transgenic approaches, and employment of plant breeding 
programs.  While plant cell walls have consistent materials, the amounts and 
arrangements of cellulose, hemicellulose, lignin, pectin, and protein can differ 
significantly between cell types.  Many factors have been suggested as playing a role in 
the biosynthesis of the cell wall, but there is still little understanding regarding how the 
expression of genes are regulated for primary cell wall formation (Zhong and Ye 2007).  
While some of the genes for cell wall construction are known, a large number of genes 
are either unknown, or their role is uncertain (see Chapter 5 of this text).  Because the 
cell wall plays a central role in the production of lignocellulosic biofuels, more 
understanding regarding cell wall biosynthesis and the genes and regulators underlying 
its biosynthesis is needed.  Mapping studies will play a critical role in understanding the 
quantitative inheritance of biofuels related traits in maize.   
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4.0 Mapping Methods 
4.1 Quantitative Trait Loci (QTL) Mapping 
4.1.1 Population Types for QTL Mapping 
The population types available in maize include (but are not limited to) backcross (BC), 
F2, recombinant inbred lines (RILs), advanced intercross lines (AILs), doubled haploid 
(DH), and nested association mapping (NAM) (Table 1). 
Backcross populations are created by crossing an F1 with one of the parental lines.  This 
population can be produced quickly, but will produce a relatively low resolution map.  
Backcross genotypes cannot be proliferated unless they can be reproduced asexually.  As 
such this population is limited with respect to the accumulation of large amounts of 
information as compared to populations that can be continually multiplied sexually (Burr 
and Burr 1991).  BC populations will only contain two genotypes at any given locus and 
therefore cannot be used to analyze additive and dominance effects.  However, 
backcrossing is useful to improve several target traits or to introduce new traits to 
existing populations.  A donor is crossed to the existing material (the recurrent parent) to 
improve the target trait(s).  Additional generations lead to backcross inbred lines (BIL) 
and will use the recurrent parent such that only the target traits remain of the donor 
parent (Xu 2010). 
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F2 populations are created by the selfing of an F1.  Like BC populations, F2 populations 
can be produced quickly, but will have relatively low genetic resolution due to only one 
generation of effective recombination.  Very large populations are needed to achieve a 
high map resolution.  F2 populations are more complex to analyze than BC due to the 
presence of three possible genotypes at a locus, which allows the possibility of 
investigating additive and dominance effects. 
Recombinant inbred lines (RILs) are produced from repeated selfing of individuals 
starting from an F1 until homozygosity is achieved.  Due to the homozygosity, RILs can 
be reproduced indefinitely for evalution in multiple experiments.  Because numerous 
generations are required to achieve homozygosity, more recombination events occur 
during the production of RILs compared to BC or F2.  This creates a more accurate and 
higher resolution genetic map, increasing the chance of finding recombinants between 
linked loci (Xu 2010).  RILs will not be useful for traits that have small amounts of 
genetic variation in the parental lines used to create the RILs (Burr et al. 1988).  The 
main disadvantage of RILs is the time required to create them (Burr and Burr 1991). 
Advanced intercross lines (AILs) were introduced by Darvasi and Soller (1995).  AILs 
are produced by randomly and sequentially intercrossing offspring of F1, with the next 
generations (F3, F4, F5, etc.) being created by randomly intercrossing the previous 
generation, with founding parents being two inbred lines.  The probability of a 
recombination event between any two loci is enhanced.  AILs show a fivefold reduction 
in the size of a confidence interval estimating QTL positions in comparison to an F2 
24 
population in an F10 AIL population.  This is due to the large number of generations 
substantially increasing the cumulative number of recombination events.  A single AIL 
can be more effective than a large number of RILs for fine mapping, but RILs can be 
preferred in cases where environmental variance needs to be reduced in order to evaluate 
a trait that has QTL with low heritability (Darvasi and Soller 1995).   
Doubled haploids (DHs) are produced by chromosome doubling of haploids through in 
vitro or in vivo methods.  DH lines can be difficult to produce, but in one step lines that 
are entirely homozygous and homogeneous are produced (Xu 2010).  This is a distinct 
advantage in evaluation of environmental effects, as DH lines can be identically 
reproduced as many times as needed across multiple environments, multiple studies, etc.  
As a result of their genetic makeup, there is no dominance or dominance related epistatic 
effects to be evaluated in DH lines.  This allows better analysis of additive, additive 
related epistatic, and linkage effects (Xu 2010).  While DH lines offer many benefits, 
they do have several disadvantages.  Haploids can be difficult and expensive to obtain in 
large numbers and also eliminate potentially interesting lethal mutants in the haploid 
phase.  DH lines may also suffer from reduced genetic diversity (Xu 2010).  Since DH 
lines have only undergone one round of recombination, the genetic resolution is lower as 
compared to RIL populations (Burr and Burr 1991). 
The NAM population was created to make use of the best features from linkage (QTL) 
and association mapping (McMullen et al. 2009).  The NAM population consists of 25 
families of diverse maize lines, each containing more than 200 NILs.  About 136,000 
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recombination events were observed in this population.  This means there are three 
recombination events per gene on average and allows for much higher resolution 
mapping.  The NAM population has high statistical power, high allele diversity and short 
range of linkage disequilibrium that allow for very high resolution mapping.  Through 
SNP information from the founding lines, nucleotide polymorphisms can be tested more 
directly than identity-by-descent (Yu et al. 2008). 
Table 1.  Population types for QTL mapping 
Population Created By… Advantages Disadvantages 
F2 Selfing an F1 Quick and easy to 
create 
Few recombination 
events means low 
level of precision 
Backcross (BC) Crossing F1 to a 
parental line 
Quick and easy to 
create 
Few recombination 
events means low 
level of precision 
Recominant Inbred 
Lines (RILs) 
Selfing of F1 and 
successive 
generations 
High levels of 
recombination, can be 
continually 
reproduced 
Many rounds of 
mating means a long 
time to produce 
Advanced Intercross 
Lines (AILs) 
Random mating of an 
F2 population that 
resulted from a cross 
of inbred parents 
High levels of 
recombination 
required for fine 
mapping 
Many rounds of 
mating means a long 
time to produce 
DH Chromosome 
doubling of a haploid 
One step creation of a 
line that is 
homozygous at every 
locus.  Good for 
investigating additive 
effects, linkage 
effects, and additive 
epistasis 
Haploids are created 
at a low frequency, 
DH lines difficult and 
expensive to create.  
Expression of 
undesirable recessive 
traits and mutants 
Nested Association 
Mapping Population 
(NAM) (maize) 
25 families of diverse 
maize lines crossed to 
B73.  These lines then 
bred to create 200 or 
more NILs per family 
High allele diversity 
and statistical power.  
Very high mapping 
resolution.  Combines 
linkage(QTL) and 
association analysis 
Time consuming and 
expensive to create 
due to diverse founder 
lines, many rounds of 
mating and 
genotyping 
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4.1.2 QTL Mapping Methods 
Quantitative traits differ substantially from qualitative traits.  Qualitative traits are 
usually controlled by one, or a few, gene that has a distinguishable effect on the target 
phenotype.  Quantitative traits are generally controlled by multiple genes that each have 
a small effect on the target phenotype.  In addition, environmental effects, as well as 
genotype x environment interactions, can also play a large role when evaluating 
quantitative traits.  While qualitative traits can be grouped into classes and often studied 
as segregating classes, quantitative traits require the application of proper statistical 
methods based on trait distributions.  Because the factors underlying quantitative traits 
can be much more difficult to elucidate, a variety of mapping methods have been 
developed for a diversity of population structures.  Since the introduction of molecular 
markers in the 1980’s, it has become possible to determine the location of a QTL 
through linkage (single marker, simple interval, composite interval, and multiple interval 
methods) or association analysis in a more efficient manner.  In addition, the 
contribution of individual QTL to the phenotype can be established.  Table 2 
summarizes the mapping methods covered in this chapter. 
 Single Marker Analysis 
In single marker analysis, each marker is tested for an association to the quantitative trait 
value.  For each marker genotype and QTL genotype combination, a genotypic 
frequency can be calculated based on the recombination rate and population type.  For 
calculating the sample mean and variance, we assume that the values of the QTL are 
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normally distributed with homogenous variances over the different QTL genotypes.  
Testing for marker-trait associations can be carried out by comparing the sample means 
for each marker across genotype classes by ANOVA, or by regression (Xu 2010).  This 
is the easiest and simplest method of QTL detection, but single marker analysis cannot 
determine the size of QTL effects or the distance between marker and QTL.  Both 
estimates are confounded since analysis occurs only at individual marker positions 
(Lander and Botstein 1989).  In single marker analysis, we assume that QTL trait values 
and variances are normally distributed (Xu 2010).  If a QTL is not located at a marker 
locus, significantly more progeny will be required as the variance explained by the 
marker will decrease in relation to the recombination frequency. 
 Simple Interval Mapping (SIM) 
In proposing interval mapping, Lander and Botstein (1989) addressed several 
shortcomings of single marker analysis.  By using maximum likelihood (rather than 
linear regression), both a phenotypic value and a logarithm (base 10) of odds (LOD) 
score can be calculated for a QTL at any location on the genetic map.  A QTL is found 
when a LOD values is higher than a predetermined critical value (values between 2 and 
3 are often used).  SIM uses a likelihood ratio test at every position within the single 
marker interval to test for a putative QTL.  Both single marker analysis and SIM are 
methods used for locating a single QTL.  Haley and Knott (1992) proposed a regression 
model for interval mapping and found little difference in results when compared with 
maximum likelihood.  Closely linked QTL are difficult to separate by SIM, which can 
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lead either to the discovery of false QTL or the failure in discovery of true QTL.  Using 
interval mapping with regression analysis, Haley and Knott (1992) had trouble 
separating QTL that were as far as 20cM apart.  SIM has a higher statistical power than 
single marker analysis for QTL detection and, therefore, requires fewer progeny (Lander 
and Botstein 1992, Haley and Knott 1992).  In SIM, we assume no interference and that 
the three possible QTL genotypes follow normal distributions.  As a result, the effect of 
QTL on the desired trait is a combination of these three normal distributions for the 
given marker locus (Xu 2010). 
 Composite Interval Mapping (CIM) 
Composite interval mapping expands on SIM and single marker analysis by allowing the 
detection of multiple QTL.  Single marker analysis and SIM can show false (“ghost”) 
QTL in cases where multiple QTL are linked and in coupling phase on the same 
chromosome.  Markers between these linked QTL may show, inaccurately, the highest 
phenotypic score (Xu 2010).  Simple interval mapping can also give less accurate results 
for unlinked QTL.  CIM uses other markers, outside the interval being tested, as 
cofactors to control the genetic background.  While scanning a particular marker interval 
for presence of a QTL, CIM eliminates the effects of other QTL by using multiple 
regression analysis (Zeng 1993, Jansen 1993).  For these reasons, CIM is more precise 
than SIM and single marker analysis (Zeng 1993).  While CIM improves upon SIM in 
identifying QTL, closely linked QTL with opposite effects can contribute to missing 
QTL.  This occurs because CIM is unable to simultaneously consider, and remove the 
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variation associated with, multiple QTL that have already been found in the search for 
other QTL.  As such, linked QTL with opposite effects on the phenotype can cancel out 
each other (Kao et al. 1999).  For example, CIM was unable to find two QTL in radiata 
pine due to one QTL 61cM away from the left marker in the 3
rd
 interval of linkage group 
1 having an effect of 81.05 and a second QTL at the left marker of the 4
th
 interval in 
linkage group 1 having an effect of -92.99.  These positions are 11.8cM apart (Kao et al. 
1999).  Multiple interval mapping was used to distinguish these QTL. 
 Multiple Interval Mapping (MIM) 
Multiple interval mapping was proposed by Kao et al. (1999) to apply SIM and CIM to a 
multiple QTL model and incurs a much heavier computational burden.  Whereas SIM 
and CIM use one interval at a time to find a QTL, MIM uses multiple intervals 
concurrently to find multiple putative QTL.  MIM not only discriminates among separate 
linked QTL, but also allows for the search and analysis of epistatic QTL as well as the 
estimation of genotypic effects, the estimation of genotypic variance components, and 
the heritability of individual traits.  MIM obtains better accuracy and power for QTL 
mapping, but identifying the best QTL model becomes a more complicated task (Kao et 
al. 1999).  Because genotypic data at QTL is not directly observed (marker data is), 
maximum likelihood estimation of QTL position and effects is used to infer the 
distribution of the genotype of QTL.  If there are a large number of QTL, these estimates 
can quickly become very difficult to manage.  Kao and Zeng (1997) developed formulas 
to handle this problem that assume no crossing-over interference, which means 
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independence between flanking marker genotypes.  To search for QTL to fit into the 
model, model selection methods are used as it is not possible to consider all model 
possibilities.  Kao et al. (1999) discuss several of these selection methods. 
4.2.0 Association Mapping 
Association mapping, also referred to as linkage disequilibrium (LD) or gametic-phase 
disequilibrium (GPD) mapping, is a high resolution method.  Association mapping is 
dependent on how the LD was created and the distance over which LD decays.  
Population subgroups, selection, drift, recombination and mating design are just some of 
the factors that can impact LD (Gaut and Long 2003).  Because there are many factors 
that can affect LD, it can vary greatly between species, within species, and from locus to 
locus (Flint-Garcia et al. 2003).  Association mapping makes use of populations with 
uncharacterized ancestry, or natural populations.  This methodology has several 
advantages over linkage analysis: higher allele number and diversity, higher resolution, 
and no need to establish a breeding population (Buckler and Thornsberry 2002). 
By definition, LD is the non-random association of alleles between separate loci.  
Because of complete linkage between markers and QTL alleles in F1, large numbers of 
meioses are required to reduce associations between distant markers and QTL alleles in 
order to achieve high resolution mapping.  Population types with a high number of 
generations (AILs, NILs, etc.) are one way to address this problem and to reduce linkage 
disequilibrium.  However, these designed crosses do not reduce disequilibrium as much 
as random mating (Jannink and Walsh 2002).   
31 
Table 2.  Mapping Methods 
Mapping Method Advantages Disadvantages 
Single Marker Analysis Quick Cannot differentiate size of 
QTL from distance between 
marker and QTL 
Simple Interval Mapping 
(SIM) 
Can estimate both position 
and effect of QTL 
Linked QTL often cannot 
be separated leading to 
ghost QTL or missing QTL 
Composite Interval 
Mapping (CIM) 
Better control over linked 
QTL than SIM 
Closely linked QTL can be 
missed 
Multiple Interval Mapping 
(MIM) 
Able to separate linked 
QTL.  Finds multiple QTL 
and can analyze epistatis. 
Can estimate genetic value, 
genetic variance, and 
heritability 
Higher computational 
burden.  Selection of best 
QTL model is challenging 
Association Mapping Higher resolution than 
linkage (QTL) analysis, 
high genetic diversity, no 
need for a breeding 
population 
Population structure in 
natural populations can be 
difficult to model 
 
5.0 Applications of Mapping for Selection 
5.1 Marker Assisted Selection 
For application of marker-assisted selection (MAS), plant breeders use associations 
(linkage) between the desired traits and molecular markers.  The first step is to establish 
linkage of relevant genes or QTL with markers.  This is a relatively simple process for 
Mendelian inherited traits, as classical breeding procedures, such as backcrossing, can be 
used to introduce the alleles.  For quantitatively inherited traits, the process is more 
complicated due to the need to manipulate many areas of the genome because many 
genes, often spaced throughout the genome, with small effects must be incorporated.  
Also, quantitative traits confer additional difficulty in MAS due to epistatic and 
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genotype by environment interactions complicating QTL discovery (Ribaut and 
Hoisington 1998).  In addition, QTL mapping is required to analyze the association 
between markers and traits.  After establishing these associations, breeders can introduce 
the desired alleles by F2 improvement, gene stacking, or marker-assisted recurrent 
selection procedures to develop improved genotypes (Bernardo 2010). 
DNA markers enjoy several advantages over phenotypic assays.  DNA markers are often 
more accurate than phenotyping as they can be scored without ambiguity and are not 
muddied by phenotyping characteristics like trait heritability, environmental factors, and 
quantitative trait considerations (Xu and Crouch 2008, Xu 2010); better time efficiency 
as DNA markers can be evaluated at an earlier stage in development than phenotypes, 
and a potential reduction in cost as genotyping can be less expensive than phenotyping 
(Xu 2010).  The markers chosen should be (1) 2cM or less from the target gene, (2) 
polymorphic between genotypes that contain and lack the target gene, and (3) cost 
effective (Mohler and Singrün 2004). 
According to Xu (2003), MAS requires (1) good and well characterized markers, (2) 
high-density molecular maps, (3) well characterized marker-trait associations, (4) 
efficient genotyping systems, and (5) effective data analysis.  Limitations of MAS 
include the need to perform QTL analyses initially and the limited transferability of QTL 
from one mapping population to other breeding populations (Bernardo 2008).  If the 
application of MAS requires performance of QTL experiments within the desired 
breeding population first (i.e. QTL analysis has not previously been performed in the 
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breeding population for the desired traits), it delays progress in the breeding process.  In 
addition, the pitfalls of QTL mapping must also be considered.  Beavis (1998) points out 
that QTL are actually just statistical constructs and are thus subject to evaluation of type 
I errors, power, precision, and accuracy.   Type I errors lead to the finding of “ghost” 
QTL and a lack of statistical power leads to missing true QTL.  QTL methods based on 
the null hypothesis of no QTL present, such as SIM, use this incorrect assumption and 
are subject to biased estimates of genetic effects and statistical significance.  CIM 
produces more accurate and precise estimates than SIM, but including too many 
cofactors reduces power.  In addition to the method used, the population used can also 
have a great impact.  In small population sizes, detected QTL are upwardly biased 
because the effects of QTL that are not found are lumped into the effects of those 
detected (Beavis 1998).  This is known as “The Beavis Effect.” As a result of these 
shortcomings of QTL analysis, selection based on marker information alone may not 
increase efficiency of breeding for quantitative traits compared to classical selection 
procedures. 
 
5.2 Genomic Selection 
Rather than using marker-trait associations (as in MAS) that require linkage to be 
assessed between markers and traits, genomic selection (also called genomewide 
selection (GWS)) uses all available markers.  MAS is limited by the amount of variance 
that is accounted for by known QTL (Meuwissen et al. 2001).  In GWS, genetic effects 
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are estimated for each individual marker in training populations, which are characterized 
for the traits of interest, while using high density and low cost marker systems.  Based 
on the estimates obtained in the training population, “genomic estimated breeding 
values” (GEBVs) are determined for individuals in breeding populations, which are not 
evaluated in field trials.  Selection is then based on these GEBVs.  By employing all 
available markers, GWS can reduce the chance of missing QTL or finding “ghost” QTL 
(Guo et al. 2012).  While simulations for genomic selection have generally concluded 
that this analysis can be more successful in increasing trait means, it does not provide 
any understanding of the underlying genes (Bernardo and Yu, 2007, Guo et al. 2012).  
Genomewide selection uses a large number of markers in lieu of a phenotype and thus 
avoids some of the problems associated with QTL analysis, such as the failure to 
incorrectly estimate the number and effect of genes, and their epistatic effects, for a trait 
of interest. 
  
6.0 Mapping Studies 
6.1 Biochemical Conversion of Lignocellulosic Materials 
Lewis et al. (2010) used a testcross population comprised of 223 recombinant inbreds 
from the intermated B73 x Mo17 (IBM) population and the parental inbreds testcrossed 
to a Monsanto inbred to evaluate the feasibility of incorporating stover quality traits for 
ethanol production into a breeding program already in place for grain yield and 
agronomic traits (Lee et al. 2002).  The authors measured the amount of cell wall 
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glucose in dry stover, the amount of glucose released from the stover following 
thermochemical pretreatment and enzymatic saccharification, and the amount of cell 
wall lignin to evaluate the quality of corn stover in regards to ethanol conversion.  A 
stover quality selection index based on these three traits was calculated, its foundation 
resting on high glucose, high glucose release, and low lignin content.  Agronomic data 
was also collected and included: grain yield, grain moisture, root lodging, stalk lodging, 
and plant height.  A yield selection index was calculated according to Bernardo (1991). 
Narrow sense heritabilities (h
2
) were 0.57, 0.63, 0.68, and 0.67 for glucose, glucose 
release, lignin, and stover quality index, respectively.  Grain yield and yield index were 
0.50 and 0.57, respectively.  Glucose, glucose release, and stover quality index were 
positively correlated (both phenotypically and genotypically) both to grain yield and 
yield index, while lignin was negatively correlated (both genotypically and 
phenotypically) to the same parameters.  As a result of their analyses, the authors 
conclude that stover quality traits for ethanol production could be incorporated into an 
existing breeding program without detrimental effects to grain yield or other agronomic 
traits. 
Lorenzana et al. (2010) used composite interval mapping to find 152 QTL for glucose 
release and stover cell wall composition traits.  The population used was the same as 
used by Lewis et al. (2010).  This study found between four and ten QTL for each of the 
eleven traits measuring cell wall composition and glucose conversion.  R
2
 values ranged 
from 3% to 12%, and QTL were found on all ten maize chromosomes.  The authors also 
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mapped QTL for stover cell wall components on a cell wall basis.  Between five and 
eight QTL were found for each of the nine traits.  R
2
 values ranged from 3% to 27%, and 
QTL were found on all ten maize chromosomes.  The majority of all QTL found in this 
study had small genetic effects.   
The desired traits for ethanol conversion are high glucose content and release, and low 
lignin content.  Positive correlations among traits suggest that selecting for glucose 
content may lead to higher levels of xylose and cell wall concentration, which may be 
advantageous as it has been suggested that future technology could allow higher ethanol 
yield through utilization of xylose and arabinose (Sun and Cheng 2002).  Klason lignin 
and p-coumarate esters were negatively correlated on a dry matter basis -0.64 and -0.61, 
respectively, on a cell wall basis -0.64 and -0.65, respectively) with glucose release.  As 
a result, glucose release could be improved by selecting for low Klason lignin and p-
coumarate esters levels.  Due to the genetic variance and heritability found for the cell 
wall composition and glucose release traits, the authors conclude that these traits could 
be improved through selection.   
Massman et al. (2012 e-published) used the above mentioned study to evaluate trait 
gains using marker-assisted recurrent selection (MARS) against trait gains using genome 
wide selection (GWS) for three selection cycles.  287 single nucleotide polymorphism 
markers (SNPs) were genotyped for two multiple trait selection indices: stover index and 
yield + stover index.  For MARS, 58 SNP markers were significant (P = 0.10) for stover 
index, and 59 SNP markers were significant for yield + stover index.  Four different 
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selection programs were used: GWS for stover index, MARS for stover index, GWS for 
stover + yield index, and MARS for stover + yield index.  After the three selection 
cycles, the population produced by GWS achieved a 14% higher stover index using both 
wet chemistry and NIRS measurement results, a 33% higher yield + stover index (for 
wet chemistry methods and 50% for NIRS) than the population produced by MARS.  
Evaluation on the yield index alone failed to discriminate a significant difference among 
selection procedures.  However, the yield index in the GWS population was significantly 
higher for selection cycles two and three as compared to cycle 1, but not when measured 
against the population produced by MARS.  Analyzing individual traits, as opposed to 
an index, expressed gains that were not significant.  These results suggest that GWS is 
able to produce better trait improvement than MARS for trait indices. 
6.2 Cell Wall and Forage Mapping Studies 
Since few mapping studies directly relating to ethanol conversion have been completed, 
mapping studies for forage quality and cell wall related traits are reviewed as it has been 
shown that these traits impact ethanol conversion (Dien et al. 2006). 
Using CIM, Méchin et al. (2001) evaluated a set of 100 silage maize RILs for QTL 
among 11 agronomic, cell wall digestibility and lignification traits (measured for whole 
above-ground plant).  RILs were analyzed on a per se and testcross (with F252) basis.  
Narrow sense heritabilities ranged from 0.49 to 0.70 in the RILs and from 0.12 to 0.58 in 
the testcross population.  28 QTL were found over the 11 traits in the testcross 
population.  For each trait (except for in vitro dry matter digestibility), at least one QTL 
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was detected, with a maximum of seven QTL for in vitro cell wall digestibility.  R
2
 
values ranged from 5.7% to 20.2%.  In the per se population, 20 QTL were found over 
the 11 traits.  No QTL were found for neutral detergent fiber and dry matter yield and 
four QTL were found for in vitro digestibility of non-starch and non-soluble 
carbohydrate parts with R
2
 values ranging between 6.5% and 15.3%.  Most of the QTL 
found for cell wall digestibility (but not agronomic traits) were consistent across the two 
populations and suggest that breeders could evaluate cell wall digestibility in early 
generations. 
Cardinal et al. (2003) used RILs to analyze QTL for neutral detergent fiber (NDF), acid 
detergent fiber (ADF) and acid detergent lignin (ADL) in leaf-sheath and stalk tissues.  
The RILs were created from B73 and B52 due to their differences in ADF, NDF, and 
lignin values.  Composite interval mapping was used.  The plot-basis broad sense 
heritabilities for the three traits ranged from 0.51 to 0.63 for leaf-sheath, and from 0.71 
to 0.78 for stalk.  The entry-mean broad sense heritabilities were much higher and 
ranged between 0.87 and 0.96 for both tissue types.  All of the traits were positively 
correlated among both tissue types.  Between 8 and 12 QTL were found for each of the 
three traits for each tissue type.  The QTL for each trait explained between 45% and 65% 
of the phenotypic variation.  The high heritabilities and relatively large cumulative R
2
 
per trait suggest that selection should be effective.  There were clusters of QTL found 
that affected traits in one type of tissue and not the other. 
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Krakowsky et al. (2005, 2006) evaluated QTL for ADF, NDF, and ADL in maize stalks 
(2005) and leaf sheaths (2006) in RILs created with crosses of B73 and De811.  Broad 
sense heritability was 0.92 for NDF, 0.92 for ADF, and 0.74 for ADL in the stalks.  
Narrow sense heritability for the leaf sheath tissue was 0.94, 0.93, and 0.67, respectively.  
15 QTL were found for NDF in the leaf sheath that explained 58% of the phenotypic 
variation, and 16 QTL were found for NDF in the stalk that explained 71% of the 
phenotypic variation.  13 QTL were found for ADF in the leaf sheath that explained 54% 
of the phenotypic variation, and 18 QTL were found for ADF in the stalk that explained 
70% of the phenotypic variation.  14 QTL were found for ADL in the leaf sheath that 
explained 51% of the phenotypic variation, and 10 QTL were found for ADL in the stalk 
that explained 50% of the phenotypic variation.  The authors compared their study with 
that of Cardinal et al. (2003) and found only a small portion of QTL in common.   
Truntzler et al. (2010) conducted a meta-analysis of QTL for digestibility and cell wall 
composition traits across 14 mapping studies using 11 mapping populations.  59 QTL for 
digestibility traits and 150 QTL for cell wall composition traits were included in the 
analysis.  Of these QTL, 26 associated with digestibility and 42 associated with cell wall 
composition were found to be metaQTL.  Many of the metaQTL were found in relatively 
few of the initial studies, which suggest that additional QTL studies using more diverse 
lines could reveal additional QTL for digestibility and cell wall component traits.  
Several regions found in this study are promising, for further research and for use in a 
breeding program, as these regions contained metaQTL that encompassed digestibility 
traits, cell wall component traits, and candidate genes. 
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While there is a set of putative pathways for lignin synthesis, some steps have yet to be 
confirmed (Barrière et al. 2007).  Current data suggest that in excess of 37 genes could 
be part of maize monolignol synthesis (Guillaumie et al. 2007).  Using acid detergent 
lignin and neutral detergent fiber determination methods, 58 QTL have been found in 
maize for lignification.  These QTL were found at 43 locations throughout the genome 
with most of them lacking validated candidate genes (Barrière et al. 2007).  The QTL 
were spread over the maize genome, except for chromosome 7, which contained only 
two QTL with low R
2
 values.  Unexpectedly, no QTL were found near the bm2 and bm4 
muations, and only one was found near bm1.  QTL could be expected to be near these 
loci as brown midrib (bm) mutants impact some aspect of lignin synthesis and show 
altered cell wall composition (Barrière and Argillier 1993, Barrière et al. 2007).  The 
bm3 gene infers a large negative impact on lignin content and unexpectedly co-located 
with only two QTL.  Very little QTL data is available regarding hydroxyphenyl, 
guaiacyl, and syringyl lignin units (Barrière et al. 2007). 
 
6.3 Thermochemical Mapping Studies 
No mapping studies investigating the thermochemical conversion of maize have been 
completed.  Mapping cell wall related traits could provide insight, but how the cell wall 
impacts thermochemical conversion is not fully understood.  The authors of this chapter 
are currently working on a QTL mapping study using the intermated B73 x Mo17 (IBM) 
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population to investigate individual bio-oil compounds as measured by pyrolysis-gas 
chromatography- mass spectrometry (publication in preparation). 
 
Conclusion 
All of the data available suggest that maize could be significantly improved as a 
lignocellulosic feedstock for ethanol conversion.  Because ethanol conversion traits have 
not been selected for in traditional maize breeding programs, gains will likely be very 
significant and the amount of ethanol produced from maize stover increased 
substantially.  In addition, ethanol conversion traits have been found to have either 
positive or not significant correlation with agronomic traits such as grain yield, 
suggesting that ethanol conversion traits could be selected for simultaneously with 
agronomic traits. 
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Abstract 
We analyzed five near-isogenic brown-midrib hybrids in maize via pyrolysis/gas 
chromatography-mass spectrometry (Py/GC-MS) in order to determine how differing 
lignin composition and structure impacts individual bio-oil compounds.  Twenty six 
compounds were analyzed for differences among the five hybrids and between cob and 
stover materials.  We found statistically significant differences for 9 compounds, when 
comparing the five hybrids, and 17 significant differences when comparing maize cobs 
with stover.  Our data indicate that it may be possible to predict bio-oil compound 
profiles based on the three primary cell wall components.  The genetic variation 
observed in this study suggests that bio-oil quality can be improved by plant breeding. 
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Introduction 
In order to meet the renewable fuel directives established by the Energy Security and 
Independence Act, a variety of transportation fuel alternatives to petroleum are currently 
being investigated.  Starch derived ethanol is currently the dominant alternative fuel in 
the United States [1].  However, it has several shortcomings for direct use as a 
transportation fuel.  Ethanol is incompatible with much of the United States’ current 
infrastructure, has a low heating value, and uses valuable food resources [2, 3].  
Thermochemical processes that use cellulosic materials such as pyrolysis and 
gasification are alternatives to ethanol that have none of these disadvantages.  Fast 
pyrolysis can be used to generate a wider variety of fuels and products (such as charcoal, 
fertilizers, gasoline, diesel, specialty chemicals, among others) than ethanol by 
fermentation.  A variety of studies and laboratories have investigated the properties of 
bio-oil resulting from the pyrolysis of more than 100 types of biomass [4].   
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Previous studies have addressed agronomic practices/traits and their impact on bio-oil 
composition: soybean lines/cultivars [5], seasonal variation in kelp [6], maturity at 
harvest in switchgrass [7], and fertilizer treatments in miscanthus [8].  Relatively little 
research is available that addresses how much variation is available within one type of 
biomass.  Of the three main plant cell wall constituents (cellulose, hemicelluloses, and 
lignin), cellulose has the most consistent structure as it is composed of β(1-4) linked D-
glucose units.  Hemicellulose is an inconsistent structure comprised of glucose, xylose, 
mannose, and β-(1→3,1→4)-glucans, that varies in amount, composition, and structure 
between species and cell types [9].  Lignin is composed of p-hydroxyphenyl, guaiacyl, 
and syringyl units [10].  In addition, a variety of different linkages are involved in the 
final lignin structure [11].  As a result, we anticipate that variation in concentration of 
the chemical species analyzed, resulting from pyrolysis, will result from variation in 
lignin derived compounds.  To address this question, we employed brown midrib (bm) 
mutants in maize.  Bm mutants display a reddish brown color of the leaf midrib, are 
simple Mendelian recessive traits, are defective in some form of lignin biosynthesis, and 
show decreased lignin content and altered cell wall composition [12, 13]. 
Bm1 was first described by Jorgensen in 1931 and was later shown to exhibit altered 
cinnamyl alcohol dehydrogenase (CAD) activity [14, 15].  The bm3 mutation results 
from structural changes in the caffeic acid O-methyltransferase (COMT) gene [16] and a 
number of deletion mutations have been identified [17].  The bm2 and bm4 mutations are 
less well characterized in terms of identifying single genes responsible for the 
phenotype.  However, Guillaumie et al. [18] identified a number of maize cell wall 
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genes that were up or down regulated within each of the individual brown midrib 
mutants.  More recently, additional bm mutations (bm5, bm6) have been identified in 
maize, but were not included in this study [19]. 
The current study aims to investigate how different maize materials (cobs and stover) 
impact the product distribution of pyrolysis products.  Compounds detected by 
pyrolysis/gas chromatography-mass spectrometry (Py/GC-MS) included carbohydrates, 
furans, carboxylic acids, aldehydes, and phenolic monomers.  Py/GC-MS is a technique 
that allows a high sample throughput (20 or more per day) required in disciplines like 
plant breeding.  In addition, near-isogenic hybrids with differing lignin 
composition/structure (brown midrib mutants 1, 2, 3 and 4) were analyzed to investigate 
if, and how, their pyrolysis products differed.  Analyzing these hybrids could also 
provide insight into how genetic variation within a single biomass crop has the ability to 
impact the individual compounds within bio-oil.  The objectives of this study were to (1) 
compare distribution of bio-oil compounds, as analyzed by Py-GC-MS, between maize 
stover and cobs, (2) address the question of whether there is significant variation for bio-
oil compounds among different maize genotypes, represented by near-isogenic bm 
hybrids, and (3) discuss the implications for developing optimized plant materials for 
bio-oil production from lignocellulosic maize materials.  
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Materials and Methods 
Plant Materials 
Five near-isogenic hybrids (NIH) were chosen from plant materials previously used to 
estimate theoretical ethanol yield (Kirkpatrick unpublished).  Five W64 near-isogenic 
lines (W64 background genotype and four isogenic lines, each carrying one of the 
mutant brown midrib genes bm1, bm2, bm3, or bm4) were crossed with five A619 near-
isogenic lines (A619 background genotype plus four lines with one each of bm1, bm2, 
bm3, or bm4) to create five W64 x A619 near isogenic hybrids (NIHs): W64 x A619, 
W64 x A619 bm1 (bm1), W64 x A619 bm2 (bm2), W64 x A619 bm3 (bm3), and W64 x 
A619 bm4 (bm4), with the four lines carrying bm mutations being homozygous for that 
trait.  These NIHs were chosen to evaluate the impact of differing cell wall fractions on 
pyrolysis products.  Brown midrib mutants are affected in lignin biosynthesis compared 
to wild type maize [20].  The main focus of this study is the impact of cell wall 
lignifications on the composition of bio-oil.  The material was grown in Ankeny, IA in 
2005 and Ames and Belmond, IA in 2006.  A randomized complete block design with 
two replications was used in each of the three environments (i.e. combination of year 
and location) for a total of six biological samples.  Plots included, on average, 66 plants.  
Ears were harvested by hand from each plot with ears (grain and cob) being harvested 
from all plants in each plot in 2005 and ears (grain and cob plus husk) from 20 plants per 
plot in 2006.  Stover was harvested, at a height of approximately 6 cm, immediately after 
ear harvest with a commercial silage chopper modified for agronomic research, provided 
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by Mycogen Seeds (Belmond, IA).  Stover from 2005 included stalks, leaves, and husks, 
while stover from 2006 included stalks and leaves only as husks were harvested with the 
ears.  Cob samples were ground by passing them through a wood chipper to reduce 
particle size and then ground in a Wiley Mill to pass through a 2mm screen.   Cob and 
stover samples were ground (from 2mm) in a ball mill (Spex 200 Geno/Grinder) to 
reduce the size of the particles further (Figure 1) to achieve less variation between 
technical replications (Online Resource 1).  Two genotypes (SGI912/W601S and 
Mycogen F697) were chosen from the Ames location in 2005 to compare the coarse 
(2mm) against the fine ground material. 
 
53 
 
Fig. 1 Visual comparison between corn stover before (above) and after (below) being ground with a ball mill to reduce particle size.  
A 100µm scale bar is included in the lower right of each picture 
 
Py/GC-MS 
 
Each sample was pyrolyzed at 500 °C using a double shot pyrolyzer (Multi-Functional 
Pyrolysis System PY-2020iD, Frontier Laboratories Ltd., Japan).  For each plant sample, 
500 µg were loaded into a deactivated stainless steel cup.  The cups were loaded into an 
autosampler, which allowed the cups to quickly fall freely into the preheated furnace to 
ensure rapid heating.  Samples were heated at the pyrolysis temperature of 500 °C for 30 
seconds, after which helium was used to directly carry the pyrolysis vapors into the gas 
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chromatograph (GC) ( 450-GC, Bruker Corporation, United States) via the 
micropyrolyzer ‘s deactivated needle, which was inserted into the GC injector (set at 
300°C).  The compounds within the pyrolysis vapors were separated using an alloy 
(UltraAlloy
+
-1701, Frontier Labs Ltd., Japan) capillary column (60m, 0.25mm internal 
diameter) coated with 14% cyanopropyl polysiloxane (0.25µm).  A split (vent) ratio of 
1/100 was used.  The GC temperature program held for 3 minutes at 45°C and then 
increased at a rate of 4 °C/min to a final temperature of 270 °C (held for 45 seconds) for 
a 60 minute total run time.  The separated compounds were identified using a mass 
spectrometer (MS) (320-MS, Agilent Technologies, United States).  The MS was 
operated in the electron ionization mode in the extended dynamic range (EDR) at a mass 
to charge ratio (m/z) of 40 to 650.  Samples were processed with MS Workstation 
(Agilent Technologies, United States).  Peak areas were obtained from the total ion 
current (TIC) chromatogram.  Individual compounds in the spectra were identified using 
a National Institute of Standards and Technology (NIST) library search and were 
subsequently confirmed by injecting the pure compounds into the GC-MS setup.  
Retention times and spectra from the pure compounds were compared to those obtained 
in our samples in order to confirm compound identity. 
 
Statistical Analysis for the comparison of bio-oil profiles from cob and stover samples 
among different bm genotypes 
Raw area values for each compound were divided by the total area in the TIC 
chromatogram.  In addition to individual peak analysis, compounds were grouped into 
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one of six groups for analysis: carbohydrate, furan, acid, phenol, guaiacol, or syringol 
(Table 1).  Compounds were grouped based on previous studies with some carbohydrate 
derived compounds being further classified as acids or furans [21].  For each of these 
groups, individual peak values (area as a percentage of the total chromatogram) were 
summed to achieve a group value.  A linear mixed-effects model was fit separately to the 
data from each peak using SAS (SAS Institute 2003) PROC MIXED.  Each linear 
mixed-effects model included fixed effects for genotypes, materials, and interactions 
between genotypes and materials.  Random effects were included for environments, field 
replications within environments, plots within field replications, material samples within 
plots, and technical replicate measurements within material samples.   
A power analysis was conducted (for each peak) in order to determine the number of 
technical replications necessary to achieve acceptable power for detecting a difference 
between two genotype means.  Variance components associated with each of the random 
factors included in the linear mixed-effects model were set equal to their estimates, and 
the power of a 0.05-level pairwise mean contrast was estimated for a given number of 
technical replicates and a given difference in genotype means. As a result of these 
analyses, two technical replications were performed as little power was gained with 
additional replications (Online Resource 2). 
 
Results 
A typical chromatogram resulting from the Py-GC-MS is shown in Figure 2.  The 26 
compounds identified and analyzed are listed in Table 1 along with each compound’s 
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CAS number and retention time.  Table 2 gives the area % value of each compound and 
compound group for each genotype and material.  Table 2 also includes the genotypic 
and material standard errors.  Table 1 indicates whether results remain significant after 
applying a Bonferroni correction. 
 
Fig. 2  A chromatogram resulting from the Py-GC-MS analysis.  The peak extending off the chromatogram is carbon dioxide, which 
measures around 190 MCounts.  Compounds are numbered according to retention time with the peak apex circled.  (1) Furan, (2) 
Acetone, (3) 2-Methylfuran, (4) Hydroxyacetaldehyde, (5) Acetic acid, (6) Hydroxyacetone, (7) Propanoic acid, (8) 2-
Furancarboxaldehyde, (9) 2-Furanmethanol, (10) Acetoxyacetone, (11) 2(5H)-Furanone, (12) 3-Methyl-1,2-Cyclopentanedione, (13) 
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Phenol, (14) 2-Methoxyphenol, (15) 2-Methylphenol, (16) 4-Methylphenol, (17) 3-Methylphenol, (18) 4-Methyl-2-methoxyphenol, 
(19) 3-Ethylphenol, (20) 4-Ethyl-2-methoxyphenol, (21) 2,6-Dimethoxyphenol, (22) Iso-eugenol, (23) 4-Methyl-2,6-
dimethoxyphenol, (24) Vanillin, (25) Levoglucosan, (26) Acetosyringone   
  
Table 1. The 26 compounds identified and analyzed in our maize samples via Py-GC-MS.  The results for each of the identified 26 
pyrolysis compounds are shown.  Tests were performed for fixed effects differences among genotypes, between plants materials (cob 
vs. stover) and for interaction between genotype and plant material 
Compound Name CAS Number 
Retention 
Time (Min) 
Genotype Material Interaction Group 
Acetic acid 64-19-7 10.206  c*  Acid 
Propanoic acid 79-09-4 14.267  c  Acid 
Acids (Group) NA NA  c*   
Acetone 67-64-1 5.688    Carb 
Hydroxyacetaldehyde 141-46-8 8.756  s  Carb 
Hydroxyacetone 116-09-6 11.282    Carb 
Acetoxyacetone 592-20-1 19.961  c*  Carb 
3-Methyl-1,2-cyclopentanedione 765-70-8 26.457  c  Carb 
Levoglucosan 498-07-7 48.710    Carb 
Carbohydrates (Group) NA NA     
Furan 110-00-9 5.300  s*     Furan 
2-Methylfuran 534-22-5 6.692                          Furan 
2-Furancarboxaldehyde 98-01-1 17.915  c*  Furan 
2-Furanmethanol 98-00-0 19.727  c* x* Furan 
2(5H)-Furanone 497-23-4 24.793 x c  Furan 
Furans (Group) NA NA  c* x*  
2-Methoxyphenol 90-05-1 28.272 x c*  Guaiacol 
4-Methyl-2-methoxyphenol 93-51-6 31.996 x* s*  Guaiacol 
4-Ethyl-2-methoxyphenol 2785-89-9 34.914  c*  Guaiacol 
Iso-eugenol 97-54-1 41.045 x* s* x Guaiacol 
Vanillin 121-33-5 41.917 x* c* x Guaiacol 
Guaiacols (Group) NA NA x* c*   
Phenol 108-95-2 27.638  c*  Phenol 
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2-Methylphenol 95-48-7 29.421    Phenol 
4-Methylphenol 106-44-5 30.717 x* s* x Phenol 
3-Methylphenol 108-39-4 30.809    Phenol 
3-Ethylphenol 620-17-7 33.867    Phenol 
Phenols (Group) NA NA x* c*   
 2,6-Dimethoxyphenol 91-10-1 38.565 x*  x* Syringol 
4-Methyl-2,6-dimethoxyphenol 6638-05-7 41.409 x*  x Syringol 
Acetosyringone 2478-38-8 51.791 x* s*  Syringol 
Syringols (Group) NA NA x*  x*  
Rest of chromatogram NA NA  s*   
Total (Compounds only)   9(7) 17(13) 6(2)  
x indicates a significant (p < 0.05) result,  and x* indicates a significant result after applying a Bonferroni correction (p < 0.0019 for 
compounds and p < 0.008 for compound groups).  For the material comparison, c (or s) indicates that cob (or stover) had the 
significantly higher mean for that compound with the * indicating a p-value that is still significant after applying a Bonferroni 
correction (p < 0.0019 for compounds and p < 0.008 for compound groups) 
 
Comparison of Cob and Stover 
Out of the six compound groups, cobs had significantly higher (p < 0.05) area 
percentages for four of the groups: furans (2.45% to 2.20%), acids (10.21% to 8.49%), 
phenols (1.71% to 1.28%), and guaiacols (2.02% to 1.63%) (Table 1, Table 2).  The 
remaining two compound groups, carbohydrates and syringols, were not significantly 
different between cob and stover materials. 
Out of the 26 individual compounds tested, 11 compounds showed significantly (p < 
0.05) higher cob area percentages (Table 1, Table 2): acetic acid (9.97% to 8.28%); 
propanoic acid (0.23% to 0.20%); 2-furancarboxaldehyde (1.21% to 1.15%); 2-
furanmethanol (0.43% to 0.27%); acetoxyacetone (0.77% to 0.66%); 2(5H)-furanone 
(0.61% to 0.59%); 3-methyl-1,2-cyclopentanedione (0.95% to 0.90%); phenol (0.59% to 
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0.46%); 2-methoxyphenol (0.84% to 0.63%); 4-ethyl-2-methoxyphenol (0.17% to 
0.090%); and vanillin (0.59% to 0.30%). 
Six compounds showed significantly (p < 0.05) increased stover area percentages (Table 
1, Table 2): furan (0.065% to 0.055%); hydroxyacetaldehyde (0.90% to 0.84%); phenol, 
4-methyl (0.17% to 0.15%); phenol, 2-methoxy-4-methyl (0.44% to 0.33%); iso-eugenol 
(0.16% to 0.087%); and acetosyringone (0.088% to 0.048%). 
 
 
Genotype Comparisons 
When testing for genotypic differences among the five hybrids for the 6 compound 
groups, significant (p < 0.05) differences were found for the phenol (area % range of 
0.34, standard error of 0.038), guaiacol (area % range of 0.36, standard error of 0.038), 
and syringol (area % range of 0.54, standard error of 0.052) compound groups (Table 1, 
Table 2). 
On an individual compound basis, 9 of the 26 compounds were significantly (p < 0.05) 
different among all five genotypes (Table 1): 2(5H)-furanone (area % range of 0.056, 
standard error of 0.013); 2-methoxyphenol (area % range of 0.12, standard error of 
0.023); 4-methylphenol (area % range of 0.034, standard error of 0.0054); 4-methyl-2-
methoxyphenol (area % range of 0.079, standard error of 0.014);  2,6-dimethoxyphenol 
(area % range of 0.41, standard error of 0.044); iso-eugenol (area % range of 0.061, 
standard error of 0.0049); 4-methyl-2,6-dimethoxyphenol (area % range of 0.083, 
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standard error of 0.011); vanillin (area % range of 0.26, standard error of 0.012); and 
acetosyringone (area % range of 0.053, standard error of 0.0045). 
 
Pairwise Genotype Comparisons 
The Tukey-Kramer method was used to compare all possible pairwise genotype 
comparisons among the 26 individual compounds and among the 6 compound groups 
(Table 1).  There were no significant (p < 0.05) genotype comparisons for the 
carbohydrate, acid, and furan compound groups.  For the phenol compound group, bm3 
had a significantly (p < 0.01) lower value than the other four genotypes.  For the 
guaiacol compound group: bm1 had a significantly (p < 0.05) higher area % value than 
all other genotypes, and W64 x A619 had a significantly (p < 0.05) higher area % value 
than bm2 and bm3.  For the syringol compound group: W64 x A619, bm2, and bm4 all 
had a significantly (p < 0.01) higher values than bm1 and bm3, with bm1 having a 
significantly (p < 0.01) higher value than bm3.   
When comparing the W64 x A619 genotype against the average of the four bm 
genotypes, four of the 26 compounds were significantly (p < 0.05) different: 4-methyl-
2,6-dimethoxyphenol, acetosyringone, 2,6-dimethoxyphenol, and iso-eugenol.  In 
addition, W64 x A619 had a significantly (p < 0.05) higher area % for the syringol and 
guaiacol compound groups when comparing it against the average of the four bm 
genotypes (Table 2). 
On an individual compound basis, there were eight compounds that contained significant 
pairwise genotype comparisons (Table 2).  For 2(5H)-Furanone, bm1 had a signicantly 
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(p < 0.05) higher area % than bm3.  W64 x A619, bm2, and bm4 all had similar area % 
values for 4-methyl-2,6-dimethoxyphenol that were significantly higher than that of bm1 
and bm3.  When comparing genotypes for acetosyringone, the four other genotypes had 
significantly (p < 0.05) higher area percentages than bm3, with the bm4 genotype having 
a higher area % than both the bm1 and bm2 genotypes.  For  2,6-dimethoxyphenol; W64 
x A619, bm2, and bm4 all had significantly (p < 0.05) higher area % values than bm1 
and bm3.  Bm1 had a significantly higher area % than bm2 and bm4 for 2-
methoxyphenol.  For iso-eugenol, W64 x A619 and bm3 had similar area % values that 
were significantly (p < 0.05) higher than the other three genotypes.  In addition, bm2 and 
bm4 had similar values that were significantly (p < 0.05) higher than bm1.  For 4-
methyl-2-methoxyphenol, bm1 had a significantly (p < 0.05) higher area % value than 
bm2 and bm3.  W64 x A619, bm2, and bm4 all had significantly (p < 0.05) higher area % 
values than bm3 for 4-methylphenol.  For vanillin, bm3 had a significantly (p < 0.05) 
lower area % value than the rest of the genotypes, with bm1 having a significantly (p < 
0.05) higher area % value than all other genotypes. 
 
Genotype by Plant Material Interaction Effects 
At the compound group level, two compound groups displayed significant (p < 0.05) 
interaction effects (Table 1): syringols and furans. 
Of the 26 individual compounds, 6 showed statistically significant (p < 0.05) interaction 
effects (Table 1):  2-furanmethanol; 4-methylphenol; 2,6-dimethoxyphenol; iso-eugenol; 
4-methyl-2,6-dimethoxyphenol; and vanillin.  
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Table 2.  Area % values for each compound/compound group by genotype and material and standard error for genotype (GSE) and 
material (MSE) mean estimates.  Also included are notations indicating significant pairwise genotypic comparisons 
Compound 
W64 x 
A619 
bm1 bm2 bm3 bm4 GSE Cob Stover MSE 
Acetic acid 9.106 9.446 8.890 9.221 8.974 0.149 9.974 8.281 0.095 
Propanoic acid 0.213 0.215 0.215 0.233 0.220 0.012 0.234 0.204 0.007 
Acids (Group) 9.319 9.661 9.104 9.454 9.195 0.153 10.208 8.485 0.098 
Acetone 0.454 0.467 0.474 0.494 0.446 0.017 0.481 0.453 0.011 
Hydroxyacetaldehyde 0.878 0.878 0.883 0.821 0.877 0.022 0.837 0.897 0.015 
Hydroxyacetone 5.657 5.641 5.758 5.686 5.574 0.173 5.763 5.564 0.110 
Acetoxyacetone 0.690 0.721 0.717 0.737 0.702 0.016 0.769 0.658 0.010 
3-Methyl-1,2-
cyclopentanedione 
0.916 0.912 0.934 0.940 0.909 0.024 0.947 0.897 0.015 
Levoglucosan 1.510 1.620 1.539 1.353 1.648 0.216 1.446 1.622 0.182 
Carbohydrates 
(Group) 
10.104 10.240 10.304 10.030 10.156 0.200 10.243 10.091 0.140 
Furan 0.057 0.062 0.059 0.061 0.061 0.003 0.055 0.065 0.002 
2-Methylfuran 0.127 0.140 0.138 0.140 0.133 0.005 0.137 0.134 0.004 
2-
Furancarboxaldehyde 
1.177 1.194 1.159 1.200 1.171 0.023 1.214 1.146 0.018 
2-Furanmethanol 0.337 0.348 0.356 0.357 0.352 0.014 0.434 0.265 0.012 
2(5H)-Furanone 0.597 0.6293 0.614 0.574 0.602 0.013 0.614 0.592 0.010 
Furans (Group) 2.295 2.372 2.325 2.331 2.319 0.036 2.454 2.203 0.029 
2-Methoxyphenol 0.750 0.8042,4 0.679 0.768 0.680 0.023 0.841 0.631 0.015 
4-Methyl-2-
methoxyphenol 
0.402 0.4342,3 0.355 0.357 0.385 0.014 0.330 0.443 0.009 
4-Ethyl-2-
methoxyphenol 
0.132 0.134 0.121 0.121 0.133 0.005 0.167 0.090 0.003 
Iso-eugenol 0.1501,2,4 0.091 0.1121 
0.1521,2,
4 0.120
1 0.005 0.087 0.163 0.003 
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0,1,2,3,4 Numeric notations indicate a significant (Tukey-Kramer adjusted p < 0.05) genotypic comparison between the genotype in the 
column and the genotype notated, with 0 indicating the W64 x A619 genotype and the subsequent numbers matching the genotype 
with that bm mutation 
  
Discussion 
The amount of primary cell wall constituents cellulose, hemicellulose, and lignin within 
a biomass feedstock are known to play a significant role in the quality of resulting bio-
oil [22].  In the thermal decomposition of biomass, cellulose is degraded into sugars and 
water, and the majority of its mass contributes to bio-oil production, whereas 
hemicellulose produces a larger amount of char and acids than cellulose [23], as well as 
contributing a large amount of gases [24].  Lignin decomposes mostly into phenolic 
compounds [25] and higher molecular weight oligomers [26, 27] and confers a higher 
heating value to the bio-oil [28].  A higher lignin concentration results in a lower quality 
bio-oil in regards to stability, but a higher bio-oil yield [27].  In addition, lignin content 
Vanillin 0.4533 
0.5980,2,3,
4 0.428
3 0.334 0.4323 0.012 0.594 0.304 0.010 
Guaiacols (Group) 1.8872,3 
2.0600,2,3,
4 1.696 1.731 1.749 0.038 2.019 1.631 0.028 
Phenol 0.553 0.513 0.543 0.481 0.524 0.020 0.587 0.459 0.013 
2-Methylphenol 0.245 0.251 0.245 0.221 0.238 0.008 0.234 0.245 0.005 
4-Methylphenol 0.1653 0.155 0.1703 0.137 0.1663 0.005 0.151 0.166 0.004 
3-Methylphenol 0.144 0.150 0.142 0.140 0.136 0.004 0.144 0.140 0.002 
3-Ethylphenol 0.232 0.212 0.225 0.201 0.230 0.014 0.230 0.210 0.009 
Phenols (Group) 1.5473 1.6273 1.5083 1.292 1.4873 0.038 1.707 1.278 0.025 
2,6-Dimethoxyphenol 0.6671,3 0.378 0.5811,3 0.260 0.5691,3 0.044 0.476 0.506 0.037 
4-Methyl-2,6-
dimethoxyphenol
 0.146
1, 3 0.093 0.1311, 3 0.063 0.1341, 3 0.011 0.12 0.11 0.009 
Acetosyringone
 
0.0833 0.0683 0.0673 0.035 
0.0871,2,
3 0.004 0.048 0.088 0.003 
Syringols (Group) 0.8961,3 0.5383 0.7791,3 0.358 0.7911,3 0.052 0.643 0.701 0.046 
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and metals content seem to compete within a feedstock, with a lower lignin content 
meaning a higher metals content.  The resulting bio-oil would then have a higher water 
content and lower heating value [27].  Fahmi et al. [27] suggest that feedstock limits for 
metals, ash, and lignin need to be developed in order to create a bio-oil that is stable, but 
still has a commercially viable yield and heating value.   
Bm Genotypes 
The results of the genotypic and contrast comparisons would suggest that there is 
significant variation available that could be exploited in a breeding program in order to 
increase the levels of compounds favorable to bio-oil quality and decrease those with a 
negative impact.  It is also encouraging that the majority of these comparisons resulting 
in significant differences are in phenolic compounds (includes all of the compounds 
classified as phenol, guaiacol, or syringol), which have been shown to be products of 
lignin pyrolysis [29].  While Ralph and Hatfield [29] identified a number of compounds 
that derive from lignin, hemicelluloses, and cellulose, our data (along with others) 
suggests that it may be possible to develop prediction equations for high value or quality 
impacting compounds in bio-oil from the plant cell wall components.  Fahmi et al. [30] 
and others have used Py/GC-MS to predict lignin values for biomass, but prediction of 
bio-oil compounds, or prediction of an industry established quality index, from cell wall 
components would be useful for bio-oil applications and plant breeding programs 
designed to maximize those applications.   
Previous information (in a near-isogenic background) on the effects of brown midrib 
genes upon the content of p-hydroxyphenyl, guaicyl, and syringyl lignin monomers is 
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available [31].  We found 17 statistically significant (p < 0.05) comparisons among 
pairwise genotype tests for phenol, syringol, and guaiacol compound groups.  For the 
syringol compound group, our data matches up extremely well with that of Barrière et 
al. [31] and all 7 of our significant comparisons are supported by this previous data.  In 
both studies, the background genotype, bm2, and bm4 genotypes had similar syringol 
levels that were all higher than that of the bm1 and bm3 genotypes, with the bm3 
genotype consistently measuring the lowest.  This is consistent with what is known of 
the bm3 mutant, as it is a result of altered COMT acitivity, which is involved in syringyl 
unit synthesis [16, 31].  In the phenol compound group, all of our significant 
comparisons result from the bm3 genotype having a lower area % than the other 
genotypes.  This result is also supported by the hydroxyphenyl content found in the F292 
hybrids by Barrière et al. [31].  The comparison of data for guaiacols between the two 
studies is muddled, as we found the bm1 genotype to have a much higher value than the 
previously mentioned study.  This could be due to the specific compounds we measured 
(5 guaiacols) versus the thioacidolysis method employed by Barrière et al. [31] or the 
materials measured (we measured cobs and stover while they measured only stems). 
The bm mutants have long been studied for their impact on lignin composition, but 
recently they have been examined for ethanol conversion [32].  The use of mutants, such 
as maize cob architecture traits and maize starch digestibility [33, 34], has been proposed 
and is likely to contribute to bioenergy conversion.  Lignin modification has received 
particular attention, due to lignin’s impedance on polysaccharide degradation [35].   
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Further studies including more genetically diverse materials (10 maize hybrids) are 
underway to further explore the genetic variation available in maize in regards to the 
compound profile after pyrolysis.  In addition we will explore to what degree individual 
compounds in the bio-oil resulting from pyrolysis can be predicted from the plant cell 
wall components cellulose, hemicelluloses, and lignin. 
Cob vs. Stover 
A large number of the compounds we measured, 17 out of 26, had significantly higher or 
lower area % values for maize cobs when comparing to maize stover.  In our study, one 
clear difference between stover and cobs is a lower area % value for acids in stover 
(8.49% vs. 10.24% with a standard error of 0.098%), which results, largely, from a lower 
acetic acid value.  This is likely caused by a difference between content of 
hemicelluloses between cobs and stover, with Saha [36] reporting 35% for cobs against 
25% for stover.  Cellulose and lignin content also differ between cobs and stover [36], 
which is supported by finding many compounds with differing area % values.   The 
relatively low pH of bio-oil, often 2-3, means that bio-oil is often corrosive to 
construction and some sealing materials [37].  This can cause storage and direct use 
(burning whole bio-oil in turbines or diesel engines) issues; however, acetic acid is also 
one of the chemicals in bio-oil that can be extracted and sold [26]. 
We also found a higher area % value for phenols and guaiacols for cobs, as compared to 
stover.  Depending on desired bio-oil characteristics, one material type may be desired 
over the other.  Although we analyzed stalks and leaves together, it is also possible that 
maize stalks and leaves may differ substantially as stalks contain more lignin and fewer 
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metals than leaves [38].  Maize could then contribute stalks, leaves, husks, cobs, or some 
combination thereof, to the production of a quality bio-oil. 
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Abstract 
Fast pyrolysis has been identified as one of the biorenewable conversion platforms that 
could be a part of an alternative energy future, but it has not yet received the same 
attention as cellulosic ethanol in the analysis of genetic inheritance within potential 
feedstocks such as maize.  Ten bio-oil compounds were measured via pyrolysis/gas 
chromatography-mass spectrometry (Py/GC-MS) in maize cobs.  184 recombinant 
inbred lines (RILs) of the intermated B73 x Mo17 (IBM) Syn4 population were analyzed 
in two environments, using 1339 markers, for quantitative trait locus (QTL) mapping.  
QTL mapping was performed using composite interval mapping with significance 
thresholds established by 1000 permutations at α = 0.05.  50 QTL were found in total 
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across those ten traits with R
2
 values ranging from 1.7 to 5.8%, indicating a complex 
quantitative inheritance of these traits.  Due to finding significant genetic variation for 
all compounds, but only minor QTL, we suggest that genomic selection would seem to 
be the best breeding strategy for improving maize cobs for bio-oil composition. 
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Pyrolysis 
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Introduction 
Corn cobs and stover have received attention for use as alternative energy platforms.  It 
is estimated that more than 280 million tons of these residues are produced each year in 
the United States [1, 2].  Jansen and Lübberstedt [2] reviewed some of the current and 
projected uses for maize cobs and concluded that dual purpose maize is feasible.  While 
the grain fraction would be used for other purposes, cobs would serve as a bioenergy 
feedstock.  The use of cobs and stover as bioenergy feedstocks has raised concerns due 
to a potentially negative impact on soil organic matter, and thus soil fertility [3, 4].  
However, the fast pyrolysis platform offers a solution to this problem.  Bio-char, the 
solid product of fast pyrolysis, can be applied to the soil in order to return carbon and 
minerals [5]. 
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While there have been several quantitative trait locus (QTL) mapping experiments 
completed in maize in regards to ethanol conversion [6, 7], thermochemical conversion 
(such as fast pyrolysis) has yet to receive the same attention in this area, despite the 
potential to produce a wider variety of products [8].  The optimal plant ideotype for 
ethanol conversion likely differs from the ideotype for fast pyrolysis.  Lignin has been 
shown to decrease the amount of ethanol produced from biomass by limiting enzymatic 
activity necessary to convert cellulose into sugars, and ultimately ethanol [9, 10].  
Lignin’s role in bio-oil production is not as clear as a higher lignin content increases bio-
oil yield and confers a higher heating value, but also negatively affects stability [11, 12].  
It is this difference in lignin contributions that will likely require separate breeding 
strategies for these two alternative energy platforms.  In addition, there are efforts 
towards converting hemicelluloses into ethanol in order to increase conversion 
efficiency [13].  However, pyrolysis of hemicelluloses creates a greater amount of char, 
acid, and gas than cellulose, which do not contribute to higher bio-oil yield and quality 
[14, 15].      
Water content for bio-oil can vary from 15-30% and heating values range from 16-19 
Megajoules (MJ)/kg, while petroleum oils typically contain very little water (0.1%) and 
have a higher heating value of 40 MJ/kg [16]. Petroleum oils are composed almost 
exclusively of hydrocarbons.  In contrast, bio-oil is a much more complex mixture that is 
composed of many different types and sizes of compounds (of which most are 
decomposition products of cellulose, hemicelluloses, or lignin), and its elemental 
composition mirrors that of the original biomass, with a much higher oxygen content 
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than petroleum oils (35-40% versus 1%, respectively).  By contrast, ethanol is a much 
less complex fuel, but requires engine modification for higher concentrations and is 
incompatible with the current infrastructure in the United States [17].  Because the 
various compounds in the bio-oil differ in their desirability and value, it is reasonable to 
suggest that bio-oil quality could be significantly improved through plant breeding.  Bio-
oil can also be refined or fractionated to provide high value chemicals and products (like 
petroleum oils, but in contrast to ethanol).  Given genetic variation for individual bio-oil 
compounds, it is conceivable to create crop varieties to maximize yield of particular high 
value products.   
Jeffrey et al. [18] demonstrated significant genetic variation for bio-oil compounds 
within maize cobs and stover among isogenic brown midrib hybrids of maize.  In this 
study, measurements for 26 compounds were available.  However, we focused on ten of 
those compounds for QTL analysis.  Two compounds each were chosen that derive from 
cellulose, hemicelluloses, and the hydroxyphenyl, guaiacyl, and syringyl lignin subunits.  
Levoglucosan and hydroxyacetaldehyde derive from cellulose [19-21], and levoglucosan 
has been identified as being a potentially important economic compound due to its use in 
pharmaceuticals, surfactants, and polymer manufacturing as well as a possible role in a 
hybrid thermochemical/biological processing environment by being hydrolyzed to 
glucose, which can then be fermented to ethanol [16, 22].  Hydroxyacetaldehyde has 
interest in the food flavoring industry as it is a component in “liquid smoke.”  Acetic 
acid derives from hemicelluloses [14], and is of interest because it can be extracted for 
use as a chemical.  However, the low pH of bio-oil (to which acetic acid contributes) can 
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cause usage and storage issues [16].  Hydroxyacetone has been identified as a product of 
hemicellulose [23] and cellulose pyrolysis [21, 24].  Phenolic compounds produced 
through pyrolysis can be used in food flavoring agents and resins [16].  In addition, 
pyrolysis/gas chromatography-mass spectrometry (Py/GC-MS) has received attention as 
an analysis tool for identifying cell wall fractions, especially in differentiating lignins 
[25-27].  We have chosen phenol and 4-methylphenol for hydroxyphenyl, vanillin and 2-
methoxyphenol for guaiacyl, acetosyringone and 2,6-dimethoxyphenol for syringyl 
lignin subunits.  2,6-Dimethoxyphenol, acetosyringone, and vanillin were all measured 
as part of a study that assessed variation among nine maize inbred lines, plus one brown 
midrib3 mutant, for pyrolysis of neutral detergent fiber [25].  Phenol, 2,6-
dimethoxyphenol, 2-methoxyphenol, and vanillin were evaluated to determine cell wall 
lignin and polysaccharide differences amongst stover samples for ten commercial maize 
hybrids grown in Italy [26]. 
Our objectives were to (1) determine whether there is significant genetic variation for 10 
pyrolysis compounds in the intermated B73 x Mo17 (IBM) Syn4 [28] and to calculate 
phenotypic correlations among these compounds, (2) identify QTL for those 10 
compounds, and (3) compare our results with previous QTL studies on maize cell wall 
traits and discuss implications for breeding dual purpose maize. 
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Materials and Methods 
Plant Materials 
Plant materials used in this study have been previously described by Lorenz et al. [6] and 
Jansen et al. [29].  Briefly, Lorenz et al. [6] analyzed genetic variation and correlations 
for yield, digestibility, and cell wall composition traits and found 24 QTL across five 
cell wall traits for per se and testcross families the IBM Syn4 population.  Jansen et al. 
[29] analyzed variation and correlations for grain and cob yield traits (cob length, 
weight, volume, density, diameter, pith diameter, wooden part thickness) and found 57 
QTL across eight traits.   
Field trials were performed in 2006 and 2007 in Madison and Arlington, WI and were 
planted in a randomized complete block design with two replications per location (i.e. 
one replication is one complete block).  B73 (parent), Mo17 (parent), and 206 
recombinant inbred lines (RILs) of the IBMSyn4 per se populations were planted at a 
density of 79,040 plants per hectare in single row plots that were 6.08m long and 0.76m 
apart.  Trials were planted in Plano silt loam soil on May 21, 2006 in Madison and June 
2, 2006 in Arlington.  After most of the plots at a location reached physiological 
maturity, all plots at that location were harvested.  In 2006, all ears were harvested by 
hand 125 days after planting in Madison and 114 days after planting in Arlington.  Cobs 
were then shelled and dried in a forced-air dryer for one week at 55°C.  Cobs were 
ground in a hammer mill to pass a 1mm screen.  Ground cobs were further ground in a 
ball mill (Spex SamplePrep 200 Geno/Grinder, Metuchen, NJ, United States) to reduce 
particle size.  Each parent (B73 and Mo17) was planted in two plots per block.  
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Phenotypic data for the parents were not used in QTL analysis, but included for 
comparison to each other and the RILs. 
 In this study, we used cob materials from 2006: one field replication from Madison and 
two field replications from Arlington, WI.  184 RILs from the IBM Syn4 per se 
population were phenotyped for 26 bio-oil compounds through pyrolysis/gas 
chromatography-mass spectrometry (Py/GC-MS).   
 
Py/GC-MS 
The method and instruments used are the same described by Jeffrey et al. [18].  Briefly, 
each 500 µg ground cob sample was pyrolyzed at 500°C using a double shot pyrolyzer.  
Helium gas carried pyrolysis vapors directly into a gas chromatograph (GC), which used 
a 14% cyanopropyl polysiloxane capillary column to separate the compounds.  A single 
quadropole mass spectrometer (MS) operating at a mass to charge ratio (m/z) of 40 to 
650 was used to detect compounds.  Peak areas were acquired from the total ion current 
(TIC) chromatogram using proprietary software (Agilent Technologies, Santa Clara, CA, 
United States).  Areas from each of the 26 compounds were divided by the total area in 
the TIC chromatogram (and multiplied by 100) to obtain an area % value for each 
compound.  
 
Statistical Analyses 
Least square means (lsmeans) were calculated for each RIL over all 3 environments in 
SAS PROC GLM (SAS Institute, 2004), using RIL and environment (three 
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environments: the two replications from Arlington were considered as distinct 
environments) as fixed effects.  Least square means for each RIL were used as 
phenotypic data for correlation and QTL analysis.  Phenotypic correlations were 
calculated as Pearson product-moment coefficients using SAS PROC CORR.  
Coefficients of variation (CV) were calculated by dividing square root of the mean 
square error by mean (multiplied by 100).  Phenotypic data for B73 and Mo17 were 
compared against each other using SAS PROC GLM, with genotype and environment as 
fixed effects. 
Heritabilities were calculated according to Holland et al. [30] on an entry mean basis 
using SAS PROC MIXED by fitting lines, locations, lines x locations (G x E), and field 
replications as random effects. 
 
QTL Analysis 
Genotypic data for 1339 markers were obtained for 184 RILs from MaizeGDB.org 
(IBM302 map provided by the Maize Mapping Project, http://www.maizegdb.org/qtl-
data.php, verified 3-7-2013).  This map provides a length of 6242.7cM, which conveys 
an average distance between markers of 4.66cM. 
Composite interval mapping (CIM) was performed using WinQTL Cartographer version 
2.5 [31].  Ten cofactors were identified using forward and backward regression (Zmap 
model 6) with a 10cM window size, 1.0cM walk speed, and a 0.10 probability for 
inclusion/exclusion.  An empirical threshold value for determining significant QTL for 
all traits was determined using 1000 permutations at α = 0.05.  For each trait, all 
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significant QTL were fitted in a multiple interval mapping (MIM) model to determine 
whether those QTL remained significant.  In addition, additive model effects, individual 
QTL R
2
 effects, and sum of R
2
 effects over all QTL of a trait were calculated using 
MIM. 
 
 
Results 
Trait Means, Variances, and Heritabilities 
Means, standard errors, heritabilities, and other summary statistics for the ten 
compounds are shown in Table 1.  Line and environment effects were significant (p < 
0.001) for all ten compounds.  For each compound, the RIL with the minimum area % 
value for that compound was lower than the mean of both B73 and Mo17.  Also for each 
compound, the RIL with the maximum area % value for that compound was higher than 
the mean of both B73 and Mo17.  The mean of neither B73 nor Mo17 ranked overly 
high or low within individual compounds, as the highest rank achieved (out of 186) was 
42 and the lowest was 164.  B73 had a significantly (p < 0.05) higher mean than Mo17 
for levoglucosan, hydroxyacetaldehyde, vanillin, and acetosyringone.  Mo17 had a 
significantly (p < 0.05) higher mean than B73 for acetic acid and phenol, while the other 
four compounds showed no evidence to reject the hypothesis that B73 and Mo17 have 
equal means.  Coefficients of variation for the data ranged from 9.31% (acetic acid) to 
26.71% (levoglucosan).  Heritabilities (entry mean basis) ranged from 0.24 for 4-
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methylphenol to 0.84 for acetosyringone (Table 1).  The majority of heritabilities (7 out 
of 10) were high and had values that met or exceeded 0.62. 
Table 1.  Values are given, by compound, for mean, square root of the mean square error (RMSE), coefficient of variation (CV), B73 
and Mo17 lsmeans, minimum line lsmean, maximum line lsmean, and entry mean heritability (H2) 
Trait # N Mean RMSE CV B73 Mo17 Min Max H
2
 
Levoglucosan 1 541 1.15 0.31 26.71 1.44 0.88 0.53 2.13 0.69 
Hydroxyacetaldehyde 2 541 0.77 0.10 12.55 0.86 0.76 0.50 0.91 0.33 
Acetic acid 3 541 8.58 0.80 9.31 8.26 9.29 5.90 10.42 0.48 
Hydroxyacetone 4 541 4.60 0.46 9.89 4.37 4.91 3.50 6.07 0.67 
Phenol 5 541 0.73 0.08 11.56 0.71 0.81 0.46 1.00 0.62 
4-Methylphenol 6 541 0.267 0.03 12.15 0.26 0.29 0.18 0.33 0.24 
Vanillin 7 541 0.59 0.07 12.42 0.66 0.54 0.32 0.86 0.66 
2-Methoxyphenol 8 541 1.20 0.12 9.75 1.31 1.21 0.82 1.73 0.79 
Acetosyringone 9 539 0.10 0.02 19.78 0.14 0.08 0.05 0.22 0.84 
2,6-Dimethoxyphenol 10 541 0.77 0.10 13.11 0.74 0.66 0.34 1.24 0.83 
 
 
Trait Correlations 
Overall, loose trait correlations were found (Table 2), with the closest positive 
correlation being 0.80 (between vanillin and 2-methoxyphenol) and the most negative 
correlation being -0.56 (between levoglucosan and hydroxyacetone).  Compounds 
derived from the same cell wall component had generally closer trait correlations than 
compounds derived from different cell wall components.  The loosest of these 
correlations was between cellulose derived compounds levoglucosan and 
hydroxyacetaldehyde at 0.39.  The correlation between hemicellulose derived 
compounds acetic acid and hydroxyacetone was 0.71.  The correlation between 
hydroxyphenyl derived compounds phenol and 4-methylphenol was 0.73.  The closest of 
these correlations (and amongst all correlations) was between guaiacyl derived 
compounds vanillin and 2-methoxyphenol at 0.80. The correlations between syringyl 
derived compounds acetosyringone and 2,6-dimethoxyphenol was 0.56.  The only 
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compounds that had a correlation greater than 0.60 with other compounds not derived 
from the same cell wall component were between both of the guaiacyl derived 
compounds and both of the syringyl derived compounds: vanillin had a correlation of 
0.60 with both of the syringyl derived compounds and 2-methoxyphenol had a 
correlation of 0.66 with acetosyringone and 0.67 with 2,6-dimethpxyphenol. 
Table 2.  Phenotypic correlations among compounds: (1) levoglucosan, (2) hydroxyacetaldehyde, (3) acetic acid, (4) hydroxyacetone, 
(5) phenol, (6) 4-methylphenol, (7) vanillin, (8) 2-methoxyphenol, (9) acetosyringone, (10) 2,6-dimethoxyphenol 
Trait 1 2 3 4 5 6 7 8 9 10 
1  0.39** 0.30** -0.56** -0.39** -0.14** 0.39** 0.11** 0.27** 0.01 
2   0.21** 0.23** -0.21** -0.06 -0.03 -0.14** -0.05 -0.14** 
3    0.71** 0.27** 0.35** -0.45** -0.31** -0.31** -0.27** 
4     0.45** 0.34** -0.30** -0.04 -0.11* 0.04 
5      0.73** 0.28** 0.45** 0.14** 0.42** 
6       0.06 0.18** -0.02 0.17** 
7        0.80** 0.60** 0.60** 
8         0.66** 0.67** 
9          0.56** 
10           
*  indicates a p-value < 0.05  ** indicates a p-value < 0.01 
 
 
QTL Analysis 
QTL analysis resulted in the identification of 50 QTL across eight maize chromosomes, 
as no QTL for these traits was found on chromosomes 9 or 10 (Table 3, Figure 1).  All 
50 QTL remained significant when fitting them in a MIM model, although the position 
of the QTL sometimes shifted slightly.  The amount of phenotypic variation explained 
by individual QTL ranged from 3.0% to 7.4% (with an average of 4.1%) under the CIM 
model and ranged from 1.7% to 5.8% (with an average of 3.6%) under the MIM model.  
The average 1-LOD support interval spanned 12.31cM. 
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The 50 QTL were spread across 15 different (greater than 10cM separating QTL 
positions) chromosome regions, with 6 regions containing 4 or more QTL (Figure 1).  
The first region was located on chromosome 2 (with QTL positions spanning 44.8cM to 
47.3cM) with QTL for five compounds: phenol, 4-methylphenol, 2-methoxyphenol, 
acetosyringone, and 2,6-dimethoxyphenol.  The region with the most QTL (9) was 
located on chromosome 4 around position 560.9cM, with acetic acid being the only 
compound without a QTL in this region.  Chromosome 2 around position 298.7cM 
contained QTL for eight compounds, with only levoglucosan and acetosyringone not 
having QTL in this region.  QTL for six compounds were found around position 
413.1cM on chromosome 6, with QTL for   hydroxyacetaldehyde, acetic acid, phenol, 
vanillin, 2-methoxyphenol, and acetosyringone.  The two remaining regions contained 
four QTL each and were located on chromosome 6 around position 484.4cM and on 
chromosome 3 around 158.7cM.  The region on chromosome 3 had QTL for 
levoglucosan, hydroxyacetaldehyde, 4-methylphenol, and vanillin, while the region on 
chromosome 6 shared QTL for acetic acid, phenol, 2-methoxyphenol, and 
acetosyringone. 
Five QTL were found for levoglucosan that accounted for 18.5% of the phenotypic 
variation (17.4% under the MIM model): on chromosome 1 at position 892.8cM, 
chromosome 3 at 157.9cM, chromosome 4 at 560.9cM, chromosome 5 at 192.3cM, and 
chromosome 7 at 206.5cM.  Four of these QTL mapped to the same region as the other 
cellulose derived compound (hydroxyacetaldehyde) and were located on chromosomes 
1, 3, 4, and 5, respectively.  The other two QTL found for hydroxyacetaldehyde were on 
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chromosome 2 at 298.3cM and on chromosome 6 at 412.3cM.  Together these six QTL 
accounted for 21.6% of the phenotypic variation (19.8% under the MIM model). 
Five QTL were found for acetic acid that accounted for 23.2% of the phenotypic 
variation (17.0% under the MIM model): on chromosomes 2 (299.4cM), 5 (267.3cM), 6 
(414.3 and 484.5cM), and 7 (288.9cM).  One of those QTL locations was also found for 
the other hemicellulose derived compound (hydroxyacetone) on chromosome 2.  The 
second QTL for hydroxyacetone was identified on chromosome 4 at 557.1cM, and the 
two QTL together accounted for 9.0% of the phenotypic variation (9.3% under the MIM 
model). 
Six QTL were found for phenol that accounted for 24.8% of the phenotypic variation 
(19.4% under the MIM model): chromosome 2 at 46.3cM and 299.4cM, chromosome 3 
at 406.5cM, chromosome 4 at 560.9cM, and chromosome 6 at 414.3cM and 477.9cM.  
For the other hydroxyphenyl derived compound, 4-methylphenol, four QTL mapped to 
the same region as those for phenol: both QTL on chromosome 2, chromosome 3 at 
407.0cM, and on chromosome 4.  The other two QTL found for 4-methylphenol were 
found on chromosome 3 at 156.9cM and 438.9cM.  The six QTL for 4-methylphenol 
accounted for 23.3% of the phenotypic variation (16.9% under the MIM model). 
Five QTL were found for 2-methoxyphenol that accounted for 18.1% of the phenotypic 
variation (18.7% under the MIM model): chromosome 2 at 46.3cM and 300.4cM, 
chromosome 4 at 560.9cM, and chromosome 6 at 413.3cM and 477.9cM.  Three of those 
QTL were also found in similar regions in the other guaiacyl derived compound, 
vanillin: chromosome 2 at 297.3cM, chromosome 4 at 557.1cM, and chromosome 6 at 
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414.3cM.  One other QTL was found for vanillin on chromosome 3 at 155.9cM and the 
four QTL accounted for 17.2% of the phenotypic variation (14.9% under the MIM 
model).  
The most QTL we found for a compound (7) were for acetosyringone and accounted for 
29.8% of the phenotypic variance (28.2% under the MIM model).  These occurred on 
chromosome 2 at position 47.3cM, chromosome 4 at 558.1cM, chromosome 5 at 
267.3cM, chromosome 6 at 118.4cM and 411.3cM and 477.9cM, and chromosome 8 at 
502.9cM.  Two of these QTL were found in similar regions for the other syringyl 
derived compound, 2,6-dimethoxyphenol: chromosome 2 at 44.8cM and chromosome 4 
at 560.9cM.  Two other QTL were found for 2,6-dimethoxyphenol: chromosome 2 at 
297.3cM and chromosome 5 at 192.3cM.  These four QTL accounted for 19.7% of the 
phenotypic variation (17.4% under the MIM model). 
 
 
 
Table 3.  QTL positions and effects.  The number of QTL for each compound, chromosome number, chromosome position, closest 
marker, Logarithm of the odds (LOD) score, 1-LOD support interval, phenotypic variance explained under the CIM model (R2), 
additive effect for the B73 allele under the CIM model (α), phenotypic variance explained under the MIM model (R2MIM), and 
additive effect for the B73 allele under the MIM model (αMIM) are shown 
 
QTL 
# 
Chromosome 
Position 
(cM) 
Marker 
1-LOD 
Interval 
LOD R
2
 α 
R
2
MI
M 
αMIM 
Levoglucosan 
1 1 892.8 umc1111 890.3-902.2 3.38 3.8 -0.13 4.4 -0.13 
2 3 157.9 umc1012 152.9-163.7 3.56 4.3 -0.13 3.6 -0.12 
3 4 560.9 umc1854 554.2-562.9 2.65 3.0 0.11 2.1 0.09 
4 5 192.3 bnl7.56 188.6-195.3 3.65 4.2 -0.13 3.4 -0.12 
5 7 206.5 umc2092 200.9-210.5 2.84 3.2 0.12 3.9 0.13 
Hydroxyacetaldehyde 
1 1 892.8 umc1111 880.4-910.2 3.18 3.7 -0.08 3.2 -0.07 
2 2 298.3 umc1454 291.5-306.3 2.89 3.5 -0.08 3.9 -0.07 
3 3 156.9 umc1012 151.5-162.7 2.51 3.1 -0.07 3.2 -0.07 
4 4 557.1 umc1854 554.2-561.9 3.33 3.8 0.08 3.2 0.07 
5 5 192.3 bnl7.56 187.6-203.4 2.99 3.5 -0.07 2.7 -0.07 
6 6 412.3 phi070 403.8-422.3 2.92 4.0 0.08 3.6 0.07 
Acetic Acid 
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1 2 299.4 umc1454 292.5-315.8 3.26 3.8 -0.87 5.7 -1.07 
2 5 267.3 bnl4.36 263.2-272.3 2.84 3.4 -0.81 2.6 -0.69 
3 6 414.3 phi070 408.3-423.3 3.02 4.6 0.94 4.0 0.95 
4 6 484.5 umc2059 475.9-489.8 3.03 4.0 -0.90 2.3 -0.87 
5 7 288.9 npi394 281.6-295.9 4.40 7.4 1.32 2.4 0.70 
Hydroxyacetone 
1 2 299.3 umc1454 293.5-304.1 4.26 5.4 -0.55 5.4 -0.53 
2 4 557.1 umc1854 553.2-562.9 3.05 3.6 0.46 3.9 0.45 
Phenol 
1 2 46.3 umc53a 42.8-51.0 3.42 4.1 -0.08 3.1 -0.07 
2 2 299.4 umc1454 294.3-304.2 3.79 4.4 -0.08 5.0 -0.09 
3 3 406.5 mmp5 396.6-409.9 3.33 4.3 -0.08 1.7 -0.05 
4 4 560.9 umc1854 555.2-562.9 2.99 3.5 0.07 3.6 0.07 
5 6 414.3 phi070 408.3-424.3 2.79 4.3 0.08 3.6 0.08 
6 6 477.9 mmp105 473.2-485.5 3.72 4.2 -0.08 2.4 -0.07 
4-Methylphenol 
1 2 45.8 umc53a 41.6-50.3 3.59 4.6 -0.04 2.7 -0.02 
2 2 299.4 umc1454 292.5-315.8 3.34 4.0 -0.03 4.1 -0.03 
3 3 156.9 umc1012 151.5-164.9 2.77 3.4 -0.03 2.8 -0.02 
4 3 406.5 mmp5 398.6-409.9 3.12 4.2 -0.03 2.6 -0.03 
5 3 438.9 php1503 433.7-447.1 2.56 3.2 0.03 1.8 0.02 
6 4 560.9 umc1854 555.2-562.9 3.23 3.9 0.03 2.9 0.02 
Vanillin 
1 2 297.3 umc1454 291.5-306.0 3.64 4.6 -0.07 3.5 -0.05 
2 3 155.9 umc1012 152.2-160.9 3.50 4.5 -0.07 4.2 -0.06 
3 4 557.1 umc1854 554.2-562.9 3.63 4.2 0.06 3.7 0.06 
4 6 414.3 phi070 408.3-424.3 2.66 3.9 0.06 3.5 0.06 
2-Methoxyphenol 
1 2 46.3 umc53a 40.6-52.0 2.82 3.5 -0.11 4.3 -0.12 
2 2 300.4 umc1454 291.5-306.3 2.60 3.1 -0.11 4.1 -0.13 
3 4 560.9 umc1854 554.2-562.9 3.32 3.7 0.12 4.4 0.13 
4 6 413.3 phi070 408.3-422.3 3.09 4.6 0.13 3.9 0.13 
5 6 477.9 mmp105 471.2-489.8 2.80 3.2 -0.11 2.0 -0.10 
Acetosyringone 
1 2 47.3 umc53a 42.8-53.0 4.56 5.3 -0.01 5.4 -0.01 
2 4 558.1 umc1854 554.2-562.9 3.82 4.3 0.01 5.3 0.01 
3 5 267.3 bnl4.36 263.2-272.3 4.09 4.5 -0.01 4.0 -0.01 
4 6 118.4 mmp117 113.3-122.1 3.48 3.8 -0.01 3.2 -0.01 
5 6 411.3 phi070 408.3-418.3 4.67 5.8 0.01 4.6 0.01 
6 6 477.9 mmp105 468.1-486.5 2.74 3.0 -0.01 1.8 -0.01 
7 8 502.9 umc1673 500.7-507.9 2.87 3.1 -0.01 3.9 -0.01 
2,6-Dimethoxyphenol 
1 2 44.8 umc53a 42.6-49.3 4.55 5.7 -0.13 4.1 -0.08 
2 2 297.3 umc1454 282.3-304.2 3.12 3.6 -0.08 4.9 -0.09 
3 4 560.9 umc1854 555.2-562.9 5.65 6.2 0.11 5.8 0.10 
4 5 192.3 bnl7.56 186.8-203.4 3.79 4.2 -0.08 2.6 -0.07 
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Figure 1.  Chromosome map.  Chromosomes 9 and 10 are not pictured, as we found no QTL on these chromosomes.  Chromosome 
number is indicated at the top of each chromosome along with final marker position (cM).  QTL (1-10) and candidate genes from 
Truntzler et al. [39] are indicated on the right side of each chromosome.  QTL numbers in bold indicate a higher area % value for the 
B73 allele, with non-bold indicating a higher area % for the Mo17 allele.  QTL and candidate gene position (cM) are indicated on the 
left side of each chromosome.  QTL: (1) levoglucosan, (2) hydroxyacetaldehyde, (3) acetic acid, (4) hydroxyacetone, (5) phenol, (6) 
4-methylphenol, (7) vanillin, (8) 2-methoxyphenol, (9) acetosyringone, (10) 2,6-dimethoxyphenol.  Candidate genes: endo-1,3-1,4-β-
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D-glucanase (ENG), exoglucanase (EXG), pectin methyl esterase (PME), cell wall invertase (CWI), 4-coumarate; coenzyme A ligase 
(4CL), putative glycosyltransferase (GTF), caffeoyl-CoA 3-O-methyltransferase (CCoAOMT), peroxidase (PR)    
 
 
Discussion 
Due to exclusively finding QTL with minor genetic effects, we conclude that compounds 
resulting from pyrolysis can be considered as quantitative traits in the IBMSyn4 
population.  Jansen et al. [29] found an average of four QTL per cob yield or cob quality 
trait with an average explained phenotypic variance of 6.5% in the IBMSyn4 population, 
while Lorenz et al. [6] found an average of 2.4 QTL per cell wall trait with an average 
explained phenotypic variance of 9.4%.  We found an average of five QTL per trait with 
an average explained phenotypic variance of 4.1%.  By assuming absence of dominance 
and gene interaction effects, we can estimate the amount of heritability explained by the 
QTL we found, by dividing total R
2
 by heritability for each trait, R
2
/h
2
.  Explained 
heritability ranged from 13.5% to 95.5% under the CIM model with an average of 
39.8%, and from 13.9% to 69.3% with an average of 33.6% under the MIM model.  On 
average, 60.2% of heritability went unexplained.   
Heritability is measured as a proportion of variance explained by genetic effects in 
relation to overall phenotypic variance.  Sources of genetic variance include additive, 
dominance, and epistatic effects.  Phenotypic variance includes all genetic variance plus 
environmental variance, genotype x environment interaction variance, and twice the 
covariance between genotype and environment.  Most analyses, including ours, ignore 
epistasis because it is too complex to model and estimate for a large number of genes or 
QTL.  However, this can lead to an overestimation of heritability, and therefore, an 
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underestimation of explained heritability [32].  In addition, statistical power of QTL 
detection and a large number of QTL with very small effects will cause QTL to be 
missed [32, 33].  Because we found no QTL with explained phenotypic variance greater 
than 7.4%, it is likely that bio-oil compounds are affected by a large number of QTL 
with small effects. 
We found the closest correlations among compounds derived from the same cell wall 
polymers.  Consistent with these findings, QTL co-located for these compounds.  
Different compounds with close correlations, such as the guaiacyl and syringyl derived 
compounds, also shared several QTL.  Of the six distinct chromosomal regions that 
contained QTL for guaiacyl derived compounds, five also had QTL for a syringyl 
derived compound.  While this could be due to either pleiotropy or close linkage of 
QTL, it is notable that we found 50 QTL in only 15 different regions.  In consequence, 
we identified a limited number of regions with co-locating QTL.   
For lignin related compounds, there are six regions with co-locating QTL.  On 
chromosome 2, five QTL for lignin derived compounds were located between 44.8 and 
47.3cM.  All five of these QTL had higher area % values for the Mo17 allele.  Five 
additional QTL for lignin derived compounds were found on chromosome 2 between 
297.3 and 300.4cM.  The favorable allele for maximizing lignin derived compounds was 
contributed by Mo17 for all five QTL for hydroxyacetaldehyde, hydroxyacetone, and 
acetic acid were found in this region as well, with the trait increasing allele also coming 
from Mo17.  Increased acetic acid content is likely to be undesirable as the low pH of 
bio-oil can cause usage and storage issues [16].  If the eight QTL in this region are due 
89 
to pleiotropy, one would have to weigh the costs and benefits of these contrasting 
compounds to determine whether the B73 or Mo17 allele is preferable.  In case of 
closely linked QTL, it would be possible to separate these QTL spanning a 3cM region 
[34].  
While no QTL mapping studies have been previously performed for pyrolysis related 
traits, it is reasonable to compare our results to QTL studies for cell wall traits, ethanol 
conversion, or forage and digestibility traits, since all of these traits relate to cell wall 
composition. 
Barrière et al. [35] found 80 QTL in total for cell wall digestibility and composition 
traits in a population of 242 RILs derived from the cross of F838 and F286.  Five 
different regions from their study overlap with QTL found in our study.  They found 
QTL for esterified ferulic acids and vanillin on chromosome 2 near marker bnlg1018, 
which maps closely (294.2cM) to QTL that we found for eight compounds (297.3cM – 
300.4cM), including the guaiacyl derived vanillin and 2-methoxyphenol.  In this region, 
we also found QTL for the hemicelluloses derived compounds acetic acid and 
hydroxyacetone.   Ferulic and diferulilc acids form ester and ether bonds that link lignins 
to arabinoxylans, which are found in hemicelluloses [36, 37].  In particular, ferulic acids 
are linked through an ether bond with coniferyl alcohol [38], which gives rise to guaiacyl 
units.  Based on a candidate gene list compiled by Truntzler et al. [39], there are three 
candidate genes whose closest marker is located near this region.   4-coumarate; 
coenzyme A ligase (4CL) was identified as a likely candidate gene and its closest marker 
is positioned close to 316cM in our map.  Cell wall invertase and pectin methyl esterase 
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were identified as “medium evidence” candidate genes, whose closest markers were 
positioned in our map at 320.7cM and 295.1cM, respectively.   
On chromosome 3, Barrière et al. [35] found QTL for p-coumaric acid (PCA), 
syringaldehyde, and diferulic acids.  The closest marker to these QTL was umc1425, 
located at 165cM in our map, which is close to four QTL identified in our study 
(155.9cM-157.9cM.  We found a QTL for vanillin in this region, which agrees with the 
finding of a QTL for diferulic acids, due to their relationship with guaiacyl units.  A 
“medium evidence” candidate gene [39], a putative glycosyltransferase (quasimodo), 
was located near a marker positioned at 163.5cM on our chromosome 3 map.  QTL for 
acid detergent lignin/neutral detergent fiber (ADL/NDF), vanillin, and syringaldehyde 
were found on chromosome 7 by Barrière et al. [35], with the closest marker being 
bnlg1808 (which is positioned at 286.3cM on our map).  We found a QTL for acetic acid 
in this region (288.9cM), which has been shown to be a major product of hemicellulose 
pyrolysis and a minor product of cellulose pyrolysis [14, 21].  While we did not find any 
QTL for lignin derived compounds in this region, a connection can still be made, since a 
higher portion of cellulose and/or hemicelluloses might lead to a different ADL/NDF 
ratio.  The final region in common between these studies occurred on chromosome 8, 
with Barrière et al. [35] finding QTL for in vitro neutral detergent fiber digestibility 
(IVNDFD), ADL/NDF, klason lignin/NDF, PCA, and syringaldehyde.  The closest 
marker (bnlg1065) to these QTL was a proximal flanking marker to all of the QTL, 
whose distance ranged from 9-31cM (on their map) distal of the marker.  In our map, 
this marker is positioned at 460.8cM.  We found a QTL for acetosyringone close to this 
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region (502.9cM), which agrees with QTL for all five of the traits found by Barrière et 
al. [35]. 
We found QTL in several other regions where Truntzler et al. [39] identified candidate 
genes.  On chromosome 1, we found QTL for the cellulose derived compounds 
levoglucosan and hydroxyacetaldehyde at 892.8cM.  Truntzler et al. [39] identified an 
endo-1,3-1,4-β-D-glucanase and an exoglucanase as medium evidence candidate genes 
in this region (near bnlg1268 and bnlg1671a, respectively), which map near our QTL 
(898.7cM and 913.4cM, respectively).  The region with the most (nine) QTL in our 
study was located on chromosome 4 that is close to a high evidence candidate gene, 
caffeoyl-CoA 3-O-methyltransferase 4 (CCoAOMT), which is found around 550-551cM 
in our map.  CCoAOMT is thought to be involved in guaiacyl unit synthesis [40].  
Another high evidence candidate gene, a peroxidase located near marker umc2296 
(267.5cM) on chromosome 5, mapped very closely to QTL for acetic acid and 
acetosyringone (267.3cM).  Peroxidases are involved in the polymerization of lignin 
[40], which could explain why we found a QTL for acetosyringone in this region. 
 Truntzler et al. [39] performed a QTL meta-analysis across 11 different studies for four 
digestibility traits and 22 cell wall composition traits in maize.  The resulting composite 
map contained several meta-QTL in common with QTL from our study.  A digestibility 
trait meta-QTL located on chromosome 2 was located in the same bin (2.04) as QTL for 
seven traits, including five lignin derived compounds.  Meta-QTL for digestibility and 
cell wall traits on chromosome 3 in bins 3.04 and 3.06 are in common with all seven of 
our QTL located on chromosome 3, of which five are lignin derived compounds.  
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Lorenzana et al. [7] used an IBMSyn4 testcross population to map cell wall composition 
and ethanol traits in maize stover: klason lignin, glucose, xylose, arabinose, uronic acids, 
galactose, mannose, p-coumarate esters, ferulate esters, and glucose release.  There are a 
number of regions found in this study for cell wall and ethanol traits that overlapped 
with regions in our study.  Lorenzana et al. [7] found a QTL for PCA on chromosome 2 
at 302.5cM.  In that same area, we found QTL for eight of our traits with the most 
interesting being2,6-dimethoxyphenol (297.3cM), as this compound derives from 
syringyl (S) lignin units after the pyrolysis process, and PCA can be an indicator of S 
units as it is esterified to side chains of syringyl alcohol [40, 41].  Lorenzana et al. [7] 
also found QTL for PCA on chromosomes 5 (195.6cM) and 7 (212.0cM), where we 
found QTL for several traits.  We found a QTL for the syringyl derived compound 2,6-
dimethoxyphenol on chromosome 5 at 192.3cM.  QTL for glucose, mannose, and 
galactose were found around 204-211cM by Lorenzana et al. [7] that were near a QTL 
for the cellulose derived compound levoglucosan (206.5cM).  They also found a QTL 
for arabinose on chromosome 7 located at 298.9cM that mapped near our QTL for the 
hemicellulose derived compound acetic acid (288.9cM).  The final region in common is 
a QTL for ferulic acid on chromosome 6 at 475.9cM [7].  We found QTL for 2-
methoxyphenol and acetic acid in this region (477.9cM and 484.5cM, respectively) that 
are consistent with this finding, as ferulic acids can link hemicelluloses to guaiacyl 
lignin units. 
Finding these QTL across studies, for similar traits, suggests that these chromosomal 
regions are promising candidates for further research.  In addition, common QTL 
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between these traits provides evidence that cell wall composition prior to pyrolysis is 
closely tied to bio-oil composition.  From a breeding perspective, this could be beneficial 
as less expensive and higher throughput methods to determine cell wall composition 
(e.g. based on near infrared reflectance spectroscopy), as compared to Py/GC-MS, are 
available.  Because all of these studies found areas where QTL for multiple cell wall 
related traits co-located, it is highly likely that separate breeding programs will be 
required to produce maize for cellulosic ethanol conversion and maize for bio-oil 
conversion.  Common QTL between our study and Lorenzana et al. [7], would in most 
cases require opposite alleles (B73 vs. Mo17) to be selected for lignin and hemicellulose 
content.  For example, on chromosome 2 around 300cM, we found QTL for five lignin 
derived compounds.  The Mo17 allele increased area % for each of these compounds.  A 
breeding program to select for bio-oil quality would select for the Mo17 allele, while a 
breeding program for cellulosic ethanol conversion would select for the B73 allele. 
We found genetic variation for 10 bio-oil compounds in the IBMSyn4 population, and 
exclusively minor QTL, each of which explained a small amount of phenotypic variance.  
This information, taken together with relatively high (> 0.62) heritabilities for seven 
compounds, suggests that favorable maize varieties for improved bio-oil composition 
can be developed.  Due to finding exclusively minor QTL, we expect that genomic 
selection, rather than marker assisted selection, would be the best strategy for a breeding 
program to improve maize for bio-oil conversion.  By using all available markers, 
genome wide selection can capture more genetic variation compared to marker-assisted 
selection [42], and, therefore, maximize response to selection [43]. 
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Abstract 
 
The goal of the study was to predict individual bio-oil compounds based on cell-wall 
composition.  Twenty six bio-oil compounds were measured via pyrolysis/gas 
chromatography-mass spectrometry (Py/GC-MS) in maize cobs and stover.  Ten maize 
hybrids were used to determine if significant variation is available in existing maize 
hybrids for bio-oil compounds.  We found statistically significant differences for 6 
compounds, when comparing the 10 hybrids, and 18 significant differences when 
comparing maize cobs and stover. 
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Introduction 
Fast pyrolysis is an alternative energy conversion process that can create a wide variety 
of useful fuels and products [1].  Jeffrey et al. [2] recently established significant 
variation for bio-oil compounds among maize cobs and stover, and among genotypes, in 
a set of five near-isogenic hybrids with four hybrids each containing one brown midrib 
(bm) mutation (bm1-bm4).  However, lignin has been shown to increase bio-oil yield and 
heating value, but has a detrimental effect on stability [3, 4].  Advances continue to be 
made in the pretreatment of biomass and upgrading of bio-oil to increase bio-oil quality 
and stability [5].  As a result, it is likely that lignin will be beneficial towards improving 
the economic efficiency of bio-oil.  We chose 10 maize hybrids to evaluate genetic 
variation for bio-oil compounds.  Previously available data on lignin content for these 
hybrids [6] were used to select five hybrids with low lignin content and five hybrids with 
high lignin content.  Our goals of this study were to (1) compare the distribution of bio-
oil compounds, as analyzed by pyrolysis/gas chromatography-mass spectrometry 
(Py/GC-MS), between maize cobs and stover, (2) evaluate the genetic variation in bio-
oil compounds among 10 maize hybrids, and (3) correlate individual bio-oil compounds 
with cell wall composition data. 
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Materials and Methods 
Plant Materials 
10 maize hybrids (Table 1) were selected based on previously available acid detergent 
lignin content (ADL) [6].  These materials have been previously described by Jeffrey et 
al. [2].  Two field replications from Ames in 2005 and 2006 were included in this study.  
Ears were harvested by hand from each plot with ears (grain and cob) being harvested 
from all plants in each plot in 2005 and ears (grain and cob plus husk) from 20 plants per 
plot in 2006.  Stover was harvested, at a height of approximately 6 cm, immediately after 
ear harvest with a commercial silage chopper modified for agronomic research, provided 
by Mycogen Seeds (Belmond, IA).  Stover from 2005 included stalks, leaves, and husks, 
while stover from 2006 included stalks and leaves only, since husks were harvested with 
the ears.  Cob samples were ground by passing them through a wood chipper to reduce 
particle size and then ground in a Wiley Mill to pass through a 2mm screen.   Cob and 
stover samples were ground (from 2mm) in a ball mill (Spex 200 Geno/Grinder) to 
reduce the size of the particles further.    
 
Table 1.  10 maize hybrids selected for phenotypic analysis.  Additional phenotypic information available [6]. 
WQS C3 Syn2 
SGI912/W602S 
Mycogen F697 
TR7245/W601S 
B126/W603S 
BS31(R)C0-246-1-01-01-01-01-B-B/B116 
BS31(R)C0-246-1-01-01-01-01-B-B/TR7322 
B129/W603S 
BS33(S)C5/BS22(R)C7 
SGI912/W601S 
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Py/GC-MS 
The method and instruments used are the same described by Jeffrey et al. [2].  Briefly, 
each 500 µg ground cob sample was pyrolyzed at 500°C using a double shot pyrolyzer.  
Helium gas carried pyrolysis vapors directly into a gas chromatograph (GC), which used 
a 14% cyanopropyl polysiloxane capillary column to separate the compounds.  A single 
quadropole mass spectrometer (MS) operating at a mass to charge ratio (m/z) of 40 to 
650 was used to detect compounds.  Peak areas were acquired from the total ion current 
(TIC) chromatogram using proprietary software (Agilent Technologies, Santa Clara, CA, 
United States).   
 
Statistical Analysis 
The methods used have been previously described by Jeffrey et al. [2].  Briefly, areas 
from each of the 26 compounds were divided by the total area in the TIC chromatogram 
(and multiplied by 100) to obtain an area % value for each compound.  Compound 
groupings were made by summing area % values for individual compounds.  A linear 
mixed-effects model was fit separately to the data from each peak using SAS (SAS 
Institute 2003) PROC MIXED.  Each linear mixed-effects model included fixed effects 
for genotypes, materials, and interactions between genotypes and materials.  Random 
effects were included for environments, field replications within environments, plots 
within field replications, material samples within plots, and technical replicate 
measurements within material samples. Because we analyzed 26 compounds from one 
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sample, we report whether results remained significant after applying a Bonferroni 
correction.  
 
Cell Wall Composition 
Lignin was measured as percentage of acetyl bromide soluble lignin in the cell wall 
(ABSL) according to Fukushima and Hatfield [7].  Briefly, cell wall preparation was 
digested, and optical density was measured at 280nm, with extinction coefficient used to 
determine concentration.  Percentage of cellulose in the cell wall was measured 
according to Brenner et al. [8].   
 
Results 
Table 2 lists the compounds analyzed and the results for genotype, material (cob vs. 
stover), and interaction fixed effects tests for each compound. 
 
Comparison of cob and stover 
Cobs had significantly (p < 0.05) higher area percentage values for the acid, furan, and 
guaiacol compound groups, while stover had higher values for the syringol and 
carbohydrate compound groups. 
Of the 26 individual compounds analyzed, cobs had significantly (p < 0.05) higher area 
percentage values for 10: acetic acid, acetoxyacetone, 3-Methyl-1,2-cyclopentanedione, 
levoglucosan, 2-methylfuran, 2-furanmethanol, 2-methoxyphenol, 4-ethyl-2-
methoxyphenol, vanillin, and 3-ethylphenol.  Stover had significantly (p < 0.05) higher 
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values for eight compounds: acetone, hydroxyacetone, iso-eugenol, 2-methylphenol, 4-
methylphenol, 2,6-dimethoxyphenol, 4-methyl-2,6-dimethoxyphenol, and 
acetosyringone. 
 
Genotype Comparisons 
When testing for genotypic differences among the 10 hybrids, three compound groups 
showed significant (p < 0.05) variation: acids, guaiacols, and syringols.  Six compounds 
showed significant genetic variation: acetic acid, iso-eugenol, vanillin, 2,6-
dimethoxyphenol, 4-methyl-2,6-dimethoxyphenol, and acetosyringone. 
 
Interaction effects   
 The acid and guaiacol compound groups also showed significant (p < 0.05) genotype by 
material interaction effects.  Five individual compounds also showed significant 
interaction effects: acetic acid, iso-eugenol, vanillin, 2,6-dimethoxyphenol, and 4-
methyl-2,6-dimethoxyphenol. 
 
Cell Wall Composition 
Percent lignin (as ABSL) did not show significant variation for genotype, material, or 
interaction tests of fixed effects, while cellulose showed significant variation for all three 
effects (with stover having the higher cellulose % in the cell wall).  Because ABSL did 
not show significant genetic variation, prediction of bio-oil compounds was not pursued. 
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Discussion 
We intended to correlate individual bio-oil compounds to cell wall composition through 
regression analysis.  However, a lack of significant variation in ABSL disagreed with 
previously available data on ADL.  Without significant variation in our ABSL data, 
regression analysis was deemed inappropriate.  Previous studies have confirmed 
differences between lignin determination methods [7].  It is interesting to note that we 
did find significant variation in five lignin derived compounds.  Two were guaiacol 
derived, three were syringyl derived, and none were p-hydroxyphenyl derived.   
In agreement with Jeffrey et al. [2], we found a large number of bio-oil compounds with 
significant variation among maize cobs and stover.  Despite the different genotypes used 
in both studies, the results regarding cob and stover comparisons were consistent.  Of the 
17 significant differences reported by Jeffrey et al. [2], 10 were also found in this study.  
If Jeffrey et al. [2] found cobs to have a higher value for a given compound, either the 
same result or no significant difference was found in this study.  In no case did we find 
reversed results.  Thus cob-stover differences seem to be consistent for a broader range 
of materials. 
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Table 2. The 26 compounds identified and analyzed in our maize samples via Py-GC-MS.  The results for each of the identified 26 
pyrolysis compounds are shown.  Also shown are the 6 compound groupings, % cellulose in cell wall, and % acetyl bromide soluble 
lignin and the results for each.  Tests were performed for fixed effects differences among genotypes, between plants materials (cob 
vs. stover) and for interaction between genotype and plant material 
Compound Name CAS Number 
Retention 
Time (Min) 
Genotype Material Interaction     Group 
Acetic acid 64-19-7 10.206 x c* x* Acid 
Propanoic acid 79-09-4 14.267    Acid 
Acids (Group) NA NA x c* x*  
Acetone 67-64-1 5.688  s*  Carb 
Hydroxyacetaldehyde 141-46-8 8.756    Carb 
Hydroxyacetone 116-09-6 11.282  s*  Carb 
Acetoxyacetone 592-20-1 19.961  c*  Carb 
3-Methyl-1,2-cyclopentanedione 765-70-8 26.457  c*  Carb 
Levoglucosan 498-07-7 48.710  c  Carb 
Carbohydrates (Group) NA NA  s*   
Furan 110-00-9 5.300    Furan 
2-Methylfuran 534-22-5 6.692  c*                  Furan 
2-Furancarboxaldehyde 98-01-1 17.915    Furan 
2-Furanmethanol 98-00-0 19.727  c*  Furan 
2(5H)-Furanone 497-23-4 24.793    Furan 
Furans (Group) NA NA  c*   
2-Methoxyphenol 90-05-1 28.272  c*  Guaiacol 
4-Methyl-2-methoxyphenol 93-51-6 31.996    Guaiacol 
4-Ethyl-2-methoxyphenol 2785-89-9 34.914  c*  Guaiacol 
Iso-eugenol 97-54-1 41.045 x* s* x Guaiacol 
Vanillin 121-33-5 41.917 x* c* x* Guaiacol 
Guaiacols (Group) NA NA x* c* x*  
Phenol 108-95-2 27.638    Phenol 
2-Methylphenol 95-48-7 29.421  s*  Phenol 
4-Methylphenol 106-44-5 30.717  s  Phenol 
3-Methylphenol 108-39-4 30.809    Phenol 
3-Ethylphenol 620-17-7 33.867  c  Phenol 
Phenols (Group) NA NA     
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 2,6-Dimethoxyphenol 91-10-1 38.565 x s* x* Syringol 
4-Methyl-2,6-dimethoxyphenol 6638-05-7 41.409 x* s* x Syringol 
Acetosyringone 2478-38-8 51.791 x* s*  Syringol 
Syringols (Group) NA NA x* s*   
Cellulose NA NA x* s* x  
Lignin NA NA     
x indicates a significant (p < 0.05) result,  and x* indicates a significant result after applying a Bonferroni correction (p < 0.0019).  
For the material comparison, c (or s) indicates that cob (or stover) had the significantly higher mean for that compound with the * 
indicating a p-value that is still significant after applying a Bonferroni correction (p < 0.0019) 
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CHAPTER 6. GENERAL CONCLUSIONS 
 
Summary and Conclusions 
In this thesis, evidence for significant variation for bio-oil compounds across 
maize genotypes and between maize cobs and stover was obtained.  We found 
significant variation for phenolic compounds, after fast pyrolysis, in a set of five near 
isogenic hybrids.  In addition, maize cobs and stover differed in their composition for 
bio-oil compounds.  We found several QTL for bio-oil in chromosome regions that 
concurred with QTL from other studies on cell wall components (Lorenzana et al. 2010, 
Truntzler et al. 2010, Barrière et al. 2008), and were able to identify several candidate 
genes based on those identified by Truntzler et al. (2010).  Based on these results, it 
should be possible to design a breeding program to improve the quality of bio-oil 
produced by fast pyrolysis of maize cobs and stover.  Because other studies have not 
found negative correlations between cell wall related traits and grain yield traits (Lorenz 
et al. 2010), it is likely that improved bio-oil quality will not have to come at the expense 
of grain yield.  In particular, lignin was found to have no significant correlation with 
grain yield (Lorenz et al. 2010).  We found no single QTL, for any of the ten traits, that 
explained more than 7.4% of the total phenotypic variation.  This is strong evidence that 
bio-oil compounds are composed of multiple minor QTL with very small effects.  As a 
result, genomic selection, instead of marker assisted selection, would likely yield the 
best results in a breeding program.  Marker assisted selection needs established linkage 
between markers and traits, and is, therefore, limited by the number of QTL that can be 
detected and the amount of variance accounted for by known QTL.  In contrast, genomic 
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selection uses all available markers and is able to capture more genetic variation (Guo et 
al. 2012). 
 Lignin is detrimental to ethanol conversion, as it prevents easy access to cell wall 
polysaccharides (Yang and Wyman 2004, Dien et al. 2006), but lignin increases yield 
and heating value for bio-oil production via fast pyrolysis (Fahmi et al. 2008, 
Nowakowski et al. 2010).  Hemicellulose also contributes differently to ethanol and bio-
oil conversion.  Hemicellulose polysaccharides may be converted to ethanol, 
contributing to yield (Saha 2003), but hemicelluloses contribute char, acid, and gas to 
bio-oil, which are detrimental to bio-oil quality and yield (Shen et al. 2010, Oasmaa et 
al. 2010).  These differences in conversion contributions by cell wall fractions, likely 
means that separate breeding programs will be required for maize cellulosic ethanol 
conversion and maize bio-oil conversion.  
 
Recommendations for future work 
 Bio-oil standards need to be established in order to work towards an optimal 
plant ideotype.  Fahmi et al. (2008) suggested that standards for lignin, ash, and metals 
content would be a good starting point.  We have a general understanding on how 
cellulose, hemicelluloses, and lignin impact bio-oil yield and quality.  However, a large 
number of potential applications, and a large number and type of compounds present in 
the bio-oil, mean that separate breeding programs could be established based on desired 
qualities for final use.  A better understanding of the role of individual compounds and 
compound groups in bio-oil stability and quality would be beneficial towards 
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accomplishing such a goal.  Recent advancements in bio-oil pretreatments and upgrading 
(especially towards using pyrolysis derived liquid transportation fuels) continue to lend 
legitimacy to the commercialization of pyrolysis technologies, and a number of 
companies are already operating sizable pyrolysis plants (Butler et al. 2011). 
Pyrolysis/gas chromatography-mass spectrometry (Py/GC-MS) is able to 
phenotype 20 samples per day (using methods established in this thesis) at a one sample 
per hour rate.  This is not a high enough throughput system to support a large scale 
breeding program in a cost effective manner, as the instrumentation can cost in the 
hundreds of thousands of dollars.  Py/GC-MS also has a disadvantage in that it can only 
measure volatile compounds created by the fast pyrolysis process.  A more 
encompassing and less expensive phenotypic method may be available.  Others have 
developed near infrared reflectance spectrometer (NIRS) calibrations in order to measure 
cell wall components (Lorenz et al. 2010, Lorenzana et al. 2010).  NIRS uses prediction 
equations, based on calibration samples, to rapidly analyze samples.  It is possible that 
NIRS calibrations could be established for boi-oil production, as they have been for 
ethanol production.  One of the questions that would have to be answered is whether 
several compounds need to be measured, or if individual cell wall components would 
suffice.  Because bio-oil results from the decomposition of lignocellulose, it is likely that 
measurements for cell wall components would suffice for establishing a quality index 
that could be used in a breeding program.  Because ash and metals content also play an 
increased role in larger scale pyrolysis reactors (Fahmi et al. 2008), as opposed to a 
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micro-scale laboratory reactor, phenotypic data for these traits would likely be valuable 
to include. 
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APPENDIX A. ONLINE RESOURCE 1 FOR CHAPTER 3 
 
Online Resource 1 
This resource describes the methods used to determine if further grinding of plant 
materials reduced variation between technical replications and the resulting data.  A 
short discussion is also included. 
 
Bioenergy Research 
Significant Variation for Bio-oil Compounds After Pyrolysis/Gas Chromatography-Mass 
Spectrometry of Cobs and Stover Among Five Near-Isogenic Brown-midrib Hybrids in 
Maize 
Brandon Jeffrey, Dan Nettleton, Najeeb Kuzhiyil, Marjorie Rover, Robert C. Brown, 
Kendall Lamkey, Thomas Lübberstedt 
Corresponding Author: Brandon Jeffrey 
Department of Agronomy, Iowa State University, Ames, IA 50011 
bdj5091@yahoo.com 
 
Py/GC-MS 
For the analysis of coarse vs. fine ground material, a different set of instruments was 
used: 3800-GC (Bruker Corporation, United States), Saturn 2200 MS (Agilent 
Technologies, United States), and a single shot pyrolyzer (PY-2020iS, Frontier 
Laboratories Ltd., Japan).  The following process parameters were different: column 
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flow (2.0 mL/min), GC temperature program (held for 3 minutes at 35°C, increased at 
5°C/min for 19 minutes, increased at 20°C/min for 6 minutes, and held at 250°C for 2 
minutes for a 30 minute total run time), and compound identification (compounds were 
not identified for this analysis but were compared across sample spectra to ensure 
compounds were present at the same retention times and contained similar ion profiles). 
Statistical Analysis for Coarse vs. Fine Ground Plant Materials 
For each of the two genotypes chosen, cob and stover material were analyzed as well as 
ten technical replications for a total of 40 samples.  Raw area values for each of 12 
compounds (not shown) were divided by the total area in the TIC chromatogram.  A 
linear model was fit separately to the data from each of the compounds using SAS (SAS 
Institute 2003) PROC GLM.  Each linear model included the single factor grind type 
(coarse or fine).  A Brown-Forsythe test was conducted for each peak to test for the 
equality of variance between grindings.  In addition, a Welch’s ANOVA was conducted 
for each peak to account for any peaks that showed heterogeneity of variance based on 
the Brown-Forsythe results. 
 
Coarse vs. Fine Grinding Comparison 
There are four groupings of comparisons: SGI912/W601S fine ground cob and 
SGI912/W601S coarse ground cob, SGI912/W601S fine ground stover and 
SGI912/W601S coarse ground stover, Mycogen F697 fine ground cob and Mycogen 
F697 coarse ground cob, and Mycogen F697 fine ground stover and Mycogen F697 
coarse ground stover.  There are 12 peaks that were analyzed for each of these four 
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comparisons.  Comparing the fine ground cob against the coarse ground for the 
SGI912/W601S genotype, only one compound showed a significant (p < 0.05) 
difference between means.  The fine ground material had the higher mean for this 
comparison.  For the stover portion of the SGI912/W601S genotype, two compounds 
showed a significant (p < 0.05) difference between grinds, with the fine material having 
a higher mean in each compound.  In the Mycogen F697 cob, one compound showed a 
significant (p < 0.05) difference between grinds, with the coarse material having the 
higher mean.  When comparing the Mycogen F697 stover, three compounds showed 
significant (p < 0.05) differences amongst grinds, with two being higher in the coarse 
ground stover. 
When using the Brown-Forsythe method to test for homogeneity of variance, we found 6 
comparisons out of 48 (four groupings by 12 compounds) to be significant (p < 0.05).  
Using a Welch’s ANOVA for these six significant results did not change whether these 
samples met significance thresholds.  None of these results from the Brown-Forsythe 
analysis remained significant after application of a Bonferroni correction. 
 
Discussion: Coarse vs. Fine Ground Material 
While we expected the fine ground material to achieve more homogenous variance 
between technical replications, the results of the Brown-Forsythe analysis do not support 
this.  It is likely that in our micropyrolyzer system that uses a small amount of material 
(500 µg), the high heat transfer rates achieved overcome the benefits that smaller particle 
sizes confer in larger systems [1].  Considering the relatively small number of significant 
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differences in means (7 of 48 comparisons at a 0.05 threshold and 4 of 48 at a 
Bonferroni corrected threshold of 0.004167) between fine and coarse ground materials 
and the lack of a trend in direction (four of the seven significant differences in means 
had a higher value in the fine ground material), it does not appear that further grinding 
altered the materials in a practically important way. 
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APPENDIX B. ONLINE RESOURCE 2 FOR CHAPTER 3 
 
Online Resource 2 
This resource is a figure produced through a power analysis that was used to determine 
how many technical replications should be performed. 
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An example of one of the graphs produced by the power analysis.  The graph was 
generated from data derived from the 2,6-dimethoxyphenol peak 
 
 
